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1. Introduction

Expectations play a pivotal role in macroeconomic models. Recently, the academic liter-
ature has leveraged surveys of professional forecasters data to directly estimate economic
agents’ expectations, and this line of research has found a bevy of apparent violations
of the full information rational expectations (FIRE) paradigm at the heart of standard
macroeconomic models. On the one hand, Coibion and Gorodnichenko (2015) document
that aggregate (“consensus”) forecasts, defined as the mean across survey participants, are
“sticky” in a way that implies that the forecasters are operating with imperfect noisy infor-
mation. On the other hand, Bordalo et al. (2020) document that individual-level forecasts
“overreact” to new information, indicating a violation of rational expectations.

The established methodology in the literature generally assumes that forecast surveys
provide a direct and unbiased measure of the respondents’ true beliefs and expectations.
However, an older, theoretical literature (Laster et al., 1999; Ottaviani and Sgrensen,
2006), argues that professional forecasters, who compete with one another for customers,
might strategically shade their survey responses away from their true expectations be-
cause of reputational concerns. For example, there are several long-standing, prestigious
and highly visible “Best Forecaster Awards”, such as the Lawrence R. Klein Best BlueChip
Forecaster Award which has been running since the 1980s. These awards are coveted by
professional forecasters, as evidenced by the fact that when one of their team members
wins such an award, economic consulting and forecasting firms publicize it widely.> But
since only one forecaster can win — the most accurate over the time period the award
covers — these salient awards and related publicity create a winner-take-all environment.

Ottaviani and Sgrensen (2006) show that formally this gives rise to strategic diversifica-

tion incentives in responding to the surveys, meaning that reported forecasts will optimally

3See for example press releases such as: https://news.comerica.com/news-releases?item=108196 and
https://wuw.eiu.com/n/eiu-most-awarded-economic-forecaster/. In addition, firms also often up-
keep a list of all recent awards they have received in a prominent place on their websites, e.g. https://www.
spglobal.com/marketintelligence/en/mi/products/economics-country-risk-accolades.html.


https://news.comerica.com/news-releases?item=108196
https://www.eiu.com/n/eiu-most-awarded-economic-forecaster/
https://www.spglobal.com/marketintelligence/en/mi/products/economics-country-risk-accolades.html
https://www.spglobal.com/marketintelligence/en/mi/products/economics-country-risk-accolades.html
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“overreact”, because this help forecasters “stand out” from the crowd. We generalize their
framework to a setup with both common and idiosyncratic signals, and show that this more
general strategic environment can indeed generate the same type of “overreaction” in fore-
casts that has been recently documented by Bordalo et al. (2020). Moreover, the strategic
incentives also bias the estimated information stickiness or rigidity in the sense of Coibion
and Gorodnichenko (2012). Thus, understanding whether surveys are an unbiased proxy
of the professional forecasters beliefs or rather are affected by strategic incentives can
deeply influence an econometrician’s inference about expectations based on survey data.

We use our model’s key implications to devise a novel, direct empirical test for the pres-
ence of strategic incentives. The intuition is that if strategic forces are empirically relevant,
then forecast errors will react in a systematically different way to “public” information that
is commonly observed by all survey participants, such as the latest GDP data release or the
consensus forecast in the last survey round, as compared to forecaster-specific information,
like an update in the forecaster’s own model.

Specifically, to “stand out” forecasters want to be right when everyone else is wrong.
Thus, when agents have access to two types of noisy signals — a signal with idiosyncratic
noise and a common noisy signal that is the same for everyone — the reported forecasts
optimally overweight idiosyncratic signals at the expense of underweighting common sig-
nals. This embellishes individual agents’ forecasts in a way that helps them stand out and
differentiate from one another, which is the optimal response in this strategic setting.

We design an empirical methodology that directly tests this implication, by augment-
ing the Bordalo et al. (2020) regression of individual forecast errors on individual forecast
revisions with a proxy for a commonly observed, public signal. To implement our test, we
use data from both the Survey of Professional Forecasters (SPF), the most commonly used

forecast survey dataset, and the BlueChip survey.* As a first step in our analysis, we docu-

4The SPF is anonymous, but its respondents also participate in many other, non-anonymous surveys. As we
discuss below and also cite direct evidence to this effect, it appears that the SPF respondents provide the
same forecast to the SPF as they do to the other, non-anonymous outlets they participate in. Thus any
strategic considerations that they face in their public interactions are also present in their SPF responses.
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ment that commonly observed noisy signals are indeed a quantitatively important feature
of the information sets of professional forecasters. We do so by exploiting the fact that, in
the presence of public signals, the methodology in Coibion and Gorodnichenko (2015) dis-
plays an omitted variable bias which attenuates their estimated coefficient (as also noted
in their Appendix).> We correct for this bias, and find that it is quite significant in practice
(attenuating the estimated degree of information rigidity by 50%), which indicates that
there is indeed a meaningful common component in the information set of forecasters.®

In turn, our main empirical analysis tests whether common, publicly observed signals
are indeed underweighted in reported forecasts, as predicted by the strategic diversifica-
tion hypothesis. We use the consensus forecast from the previous round of the survey as
our main proxy for a commonly observed signal. The lagged consensus is “new” infor-
mation for the forecasters at time ¢, because the results of the survey are announced to
everyone only after they submit their ¢ — 1 responses, and before they submit their quar-
ter ¢ forecasts. Moreover, the consensus is not only commonly available to all agents, but
objectively it is a fairly precise forecast, and is thus a salient piece of information.

Our key finding is that the individual forecasts in both the SPF and BlueChip under-
weight the lagged consensus forecast significantly, while they overweight the rest of their
information set. We stress that this finding is not consistent with a large class of behavioral
models that have been proposed to address FIRE deviations documented by Bordalo et al.
(2020), such as diagnostic expectations or over-extrapolation, since those models imply
over-reaction to all new information. Instead, our finding that commonly observed signals
are underweighted is a characteristic and defining feature of forecasts made when agents
face strategic diversification incentives in their response to the survey.

We also present the results of several further tests that support the strategic diversi-

fication hypothesis. First, we run the same regression on the forecasts published in the

SThis bias does not impact the key conclusions of Coibion and Gorodnichenko (2015), because the bias works
against their main hypothesis. Hence, their estimates and conclusions are conservative.
To do so, we follow an empirical methodology inspired by Goldstein (2023).
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Federal Reserve’s Greenbook, which forecasts the same set of variables as the SPF. How-
ever, the Federal Reserve’s forecasts are made for internal monetary policy purposes and
are only released with a 5 year lag. Thus, they are arguably not subject to the same strate-
gic forces that arise among the professional forecasters, and as such we would expect that
the Fed’s Greenbook forecasts do not exhibit the same predictable errors and biases. And
indeed we find no evidence of under or overreaction to any kind of information in the
Greenbook. This striking contrast, where the professional forecasts display clear devia-
tions from rationality while the Fed’s forecasts do not, is indicative of strategic incentives
in the professionals’ survey.

In a different test, we leverage the fact that the lagged consensus is not just a generic
commonly observed signal, but is also a direct estimate of everyone else’s recent beliefs.
As such, strategic diversification incentives imply that agents would optimally underweight
the lagged consensus more than alternative common signals that do not also directly speak
to the forecasts of others. We show that this is indeed true in the data, using as an alterna-
tive common signal proxy the past realization of the variable being forecasted (e.g. lagged
realized inflation). And lastly, we also test a key comparative static of the model and show
that in the cross-section, for variables where we estimate that the common component
of information sets is relatively more precise, the observed forecasts also display stronger
evidence of underreaction to the common information — again as predicted by the model.

Lastly, we estimate a quantitative version of the model and use it to recover the true un-
derlying beliefs of the agents. This structural analysis showcases that strategic incentives
also greatly influence estimates of the degree of information imperfection and dispersion
(e.g. Coibion and Gorodnichenko, 2015). Using our model to back out the true underly-
ing individual beliefs, we find that the degree of information rigidity is 30% higher than
previously estimated, while the true dispersion in beliefs is 20-80% lower than in the raw
data. Furthermore, we also show that the strategic incentives increase the precision of the
consensus forecast by 30-100%, as compared to the precision of the true beliefs.

Overall, we conclude that strategic incentives are a likely rational explanation of a
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number of “puzzles” in survey data, suggesting professional forecasters do not deviate from
rationality. However, the strategic incentives bias econometric inference, and our results
imply that standard survey-based estimates of information imperfection are likely to be

significantly understated, while survey-based measures of disagreement are overstated.

Related literature. This paper relates to three strands of the literature. First, are the
papers using surveys of professional forecasters to test the full information hypothesis.
A key finding in this literature is consensus underreaction, meaning a positive relation
between consensus forecast errors and consensus forecast revisions, which can be used
to proxy for the precision of the information sets underlying the forecasts (Crowe, 2010;
Coibion and Gorodnichenko, 2012, 2015). Our main contribution relative to this literature
is twofold. First, we document that strategic incentives are likely making reported forecasts
a biased proxy of the true beliefs of agents, which among other things, biases the estimated
information precision upwards. Second, we use a structural model to estimate the actual
information rigidity of the true underlying beliefs, and find it is significantly lower.

Another strand of the literature uses surveys to test rational expectations. In particular,
Bordalo et al. (2020) document overreaction in individual forecasts, in the sense of a
negative correlation between individual forecast errors and forecast revisions. As forecast
errors should not be predictable if the forecast is rational, this could be evidence of a
behavioral bias in expectations formation. Instead, we show that this evidence can be
explained by a departure from truthful revelation as a result of strategic incentives, even
when agents have rational expectations.

Moreover, we provide direct evidence of the strategic incentives hypothesis, as captured
by our novel finding that reported forecasts underreact to public information. Related to
this finding, in a recent paper Broer and Kohlhas (2022) also use a public signal proxy
to build on existing tests of RE, but they find mixed results in terms of under and over-
reaction. In contrast to them, we use an empirical methodology that differs in two ways:
first we focus on multivariate regressions, and second, when proxying for the common

information we isolate the surprise component in public signals and use that as our key

S5
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regressor. A novel feature of our empirical methodology is that it allows us to directly
map our main regression coefficient of interest to the structural weight put on the public
information in the updated forecast. Furthermore, it also leads to estimates that consis-
tently point to underreaction to public information across all forecasted variables in the
SPF and the Blue Chip, in line with our strategic diversification model.” Lastly, our notion
of underreaction is conceptually different than that used in Kuc¢inskas and Peters (2022),
as we measure deviations from rational expectations, while they measure deviations from
the joint hypothesis of FIRE.®

A third group of papers analyzes, theoretically, the strategic incentives in forecasters
behavior (see Marinovic et al. 2013 for a review). A first major reference, Laster et al.
(1999), develop a model of strategic diversification incentives based on the key idea that
some of the forecasters’ customers simply follow only the forecaster that happened to
be most accurate last period. Ottaviani and Serensen (2006) present several different
models of competition between forecasters, to demonstrate that depending on the broader
economic environment, it is theoretically possible to generate both strategic coordination
and strategic diversification forces among forecasters. More recently, Baley and Turén
(2023) study how strategic incentives interacted with fixed costs to updating forecasts
can help explain the lumpiness in forecast revisions in the Bloomberg survey. Our main
contributions relative to this literature is to first provide direct empirical evidence that
common information is underweighted, a key implications of a broad class of strategic
incentives theories, and second we propose and structurally estimate a quantitative, fully

dynamic version of the model and use it recover the underlying true expectations.

’Moreover, as we discuss in Section 3.4, our strategic diversification framework is also consistent with some,
although not all, formulations of the univariate analysis.

8Born et al. (2023) study how firms responds differently to new information about macroeconomic variables
versus information about their own firm-specific variables, and find that firms underweight the former but
overweight the latter. Instead, we only consider information about the macroeconomy, but differentiate
between public and idiosyncratic information, as further detailed below.

6
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2. Data

Forecasts. We use data on forecasts from the Survey of Professional Forecasters (SPF),
the most widely used survey in the academic literature, and also from the Blue Chip survey.
One important distinction between the two surveys is that the SPF is anonymous, while
the Blue Chip is not. It could be argued that strategic considerations do not apply to
anonymous surveys like the SPF, however in practice it appears that forecasters (who
typically participate in both anonymous and non-anonymous surveys typically) submit the
same forecast to both types of surveys, likely due to convenience (Marinovic et al., 2013).°
This means that strategic considerations would influence the results of anonymous surveys
as well, and indeed consistent with this view, our estimates and results are virtually the
same across both the SPF and the Blue Chip.

The SPF is quarterly, and each quarter around 40 professional forecasters contribute
forecasts for outcomes in the current quarter and the next four quarters. The forecasted
variables span both macroeconomic and financial quantities, including GDP, price indices,
consumption, investment, unemployment, government consumption, and yields on gov-
ernment bonds and corporate bonds. The Blue Chip has a very similar structure, with
respondents providing forecasts for almost exactly the same set of variables over the next
four quarters, however the Blue Chip survey is collected monthly. To create a quarterly
data set of the same structure as the SPF, we only keep the Blue Chip forecasts made
in the third month of each quarter (following the methodology of Bordalo et al. (2020),
henceforth BGMS).

While most forecasts are of the level of a given variable, we follow BGMS and Coibion
and Gorodnichenko (2015) (henceforth CG) in transforming the GDP, price indices, con-
sumption, investment and government consumption series into growth rates h periods

ahead, while we keep the forecasts in level for unemployment and financial variables.

We find direct evidence of this behavior in a supplement to the European Central Bank’s Survey of Profes-
sional (European Central Bank, 2014), which asked forecasters about this and found that indeed the great
majority submits the same forecast to all surveys they participate in. For full details, please see Appendix C.

7
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Lastly, both the SPF and Blue Chip are known to suffer from outliers, hence as in BGMS,
we winsorize the data by removing forecasts that are more than 5 interquartile ranges
away from the median of each horizon in each quarter. We also only keep individual
forecasters for which we have a time series of at least 10 quarters with responses from this
forecaster. Appendix A provides a detailed description of variable construction, and Tables

A.1 and A.2 present key summary statistics for our data.

Forecasted variables. Macroeconomic data is released quarterly, and is also subsequently
revised. At the time of the survey (second month of a given quarter ¢), the most recent
information forecasters have is about the initial release of the previous quarter’s macroe-
conomic variables. Thus, following Bordalo et al. (2020), we construct implied forecasted
growth rates between the forecast for quarter ¢ + h and the initial release of the macroe-
conomic variable for quarter ¢ — 1, using the Philadelphia Fed’s Real-Time Data Set for
Macroeconomics. Financial variables are not revised, so we use historical data from the
Federal Reserve Bank of St. Louis.

We label the realizations of forecasted variables as x;, and denote the time ¢ forecast by
forecaster i as E," [z:1]. We use the tilde notation to be explicit about the fact that these
forecasts are not necessarily the rational expectation, that is Et(i) =+ Ef) where Egi) is the
rational expectations operator conditional on the time ¢ information of agent i.

It is useful to also define notation for the implied forecast error
f‘fgh,t = Tt+h — Et(l) [Zt4n)
and also the time ¢ revision in the forecast of x;
frlgi)h,t = Et(Z) [ern] — Et(l—)l [Z441]

Following the literature, we also define the consensus forecast as the average forecast
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AL / Bz s]di

%
and the consensus forecast error and revision, fe,,,, = [, fe\'), ,di and fr, ., = [, fr\", di.
2.1. Motivational Evidence

The paper is motivated by two famous stylized facts in the survey data. First, the
“underreaction” to new information in the average forecast, documented by CG. Second,

the “overreaction” to new information documented at the individual level by BGMS.

Conceptual framework To help structure the discussion, and provide a formal definition
of “under-” and “over-” reaction, we organize our analysis in the context of the following
general framework of beliefs updating which allows for both dispersed and imperfect infor-
mation. The framework generalizes the settings typically considered by the prior literature,
such that the specific settings of BGMS and CG are special cases of our framework.

At time ¢ agents provide a forecast of the h period ahead realization of a random vari-
able x;,, (e.g. GDP growth rate, inflation and etc.). We impose very limited restrictions on
the time series process for x;, assuming only that it is a stationary, linear Gaussian process

and thus has a Wold representation with Gaussian innovations, that is
o0
Ty =p+ Z (/R (1)
k=0

where ¢/ , are i.i.d. standard normal variables and ) ;- , ¥} < cc.
We allow for the possibility that the information sets underlying the forecasts Et(i) (Ti4n)
contain both components with idiosyncratic errors and also components with a common

error term that is correlated across forecasters. In our conceptual framework, we model
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gt = Tpyp + €4

s = won + )"

(2)

where ") ~ N(0,77') is i.i.d. across time and across agents, while e, ~ N(0,v7!) is i.i.d.
only across time, but common across agents.'® For simplicity we assume the idiosyncratic
noise has the same variance 7! across all agents, but this is not necessary. For exposi-
tional purposes, we will refer to the signal subject to idiosyncratic errors as the “private”
signal, but we are not making an explicit assumptions that forecasters possess some fun-
damentally private or “inside” information — the source of the idiosyncratic error could
also be subjective perception noise. This signal is simply meant to capture the part of the
information set that makes forecaster i different from everyone else.

We do not impose any ex-ante assumptions about whether the forecasts Et(i) (1]
agents come up with based on this information are statistically optimal (i.e. rational).

The only assumption we make is that each forecast is a convex combination of the previ-

ous period’s forecast of x;,;, that is Efi)l [¢41], and the two new signals g; and si:

Et(i) [Tein] = (1 -Gy — GQ)Et(i)l [Te4n) + Glsf) + Gag; ()

where (G; is the weight agents put on the idiosyncratic signal and G, is the weight put
on the common signal. Rational expectations, denoted by ]Eff) [x.11], are a special case

- and

of our general representation in (3), with the following weights: GF¥ = W

G = > where XRF = var(z, — B, [2044]).

N AR
T+v+1/

Our conceptual framework is more general than the settings considered in the previous

literature for three reasons. First, we do not assume that expectations are either optimal

OWe model the new information arriving each period in the form of news about the future, i.e. z;,, as

opposed to information about current realizations ;. We make this assumption for expositional convenience,
but all results carry through if the signals are centered on x; instead. Moreover, Goldstein and Gorodnichenko
(2022) find that this type of “forward” information structure is indeed the most empirically relevant.

10
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or suboptimal in any particular way; we only assume they are linear and keep the weights
put on the different pieces of information available to the agents unrestricted. Second,
we do not need to assume any particular time series process for x; (e.g. the literature has
mainly focused on AR(1) processes), just that it is stationary (a weak assumption satisfied
by the data). And third, we allow for the agents beliefs to be driven by informative signals
with both idiosyncratic and common errors — the previous literature has overwhelmingly

focused on information structures where agents only have signals with idiosyncratic errors.
2.2. Underreaction in consensus forecasts

In a seminal contribution, Coibion and Gorodnichenko (2015) consider whether con-

sensus forecast errors are predictable by consensus forecast revisions, estimating

ﬁt—i—h,t =+ 5CGFt+h,t + erry 4

This is not a regression that tests forecast rationality, since the average forecast revision
friin, is not available to the forecasters when they respond to the time ¢ survey. Hence,
the fact that fe,,,, is predictable by fr,,, , does not reject rationality. Still, the CG finding
of Scqg > 0 is often referred to as an “under-reaction” of the average forecast, since it
intuitively indicates that the average forecast revision does not adjust fully to all of the
new information (across all agents) arriving at time ¢.

Formally, the regression coefficient o is informative about the weight put on new
information in the forecasts Et(i) [z;15]. In the context of our conceptual framework in (3),
this weight is given by G = G; + G». A finding of ¢ > 0 is indicative of G < 1, which
implies that the available signals are likely noisy, as they get a weight of less than one.

As our conceptual framework makes explicit, there are two potential types of noise that
could be present in the forecasters’ information sets — idiosyncratic noise, i.e. nfi), and noise
that is common to all forecasters, i.e. ;. Both of these noise terms affect the estimated GG
that can be inferred from the CG regression coefficient. To gain some intuition, notice that

re-arranging the LHS of (3), and averaging across forecasters we get:

11
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feiins = Tth—i—h,t - 52615 (5)

Since the consensus forecast revision fr,,,, is positively correlated with the time ¢

common signal error ¢;, the regression coefficient So is biased downward from %

The focus of Coibion and Gorodnichenko (2015) is to estimate whether information is
noisy at all, hence in their benchmark specification they worked under the simpler infor-

mation structure that there are no common signals, which is equivalent to »~! = 0 and

1

implies o = 5%, In that case — oo

= (F is a direct measure of the weight put on new
information (. Nevertheless, the Appendix to CG itself acknowledges that if there is a
common noise component like ¢;, this will bias 5. downward, so that foq < %, which
would in turn bias their estimate of G upward (implying less noise than there really is).
One can account for both the idiosyncratic and common noise terms and estimate GG

robustly, by using a different approach. Following Goldstein (2023), we re-arrange (3) to

express the difference between individual and consensus forecast revisions as:

(frivns) — (Frivns) = GEBorlwesn) — B [ween]) + Gin (6)

Standard OLS estimation of this regression provides an unbiased measure of the elasticity
of forecasts to new information, G, since 7/ is uncorrelated with E!_,[z,.,] and E_;[z,44).

Figure 1, panel (a) reports the estimate of G from regression (6) in the SPF and com-
pares them with the estimated gains from the original CG specification, which we label
Geag = ﬁ We discuss the estimates based on the SPF data with 4 = 3 in the main text,
as these are the most widely used data (and horizon) in the literature so we make them
our benchmark case. In Appendix E.1 we reports detailed tables of the estimates for both
h = 2 and h = 3, and also all of the same specifications for the Blue Chip survey data. In
all cases, results are very similar across both horizons and surveys.

The key takeaway from Figure 1 is that the robustly estimated gain G we obtain is

consistently lower than that implied by the standard CG regression, across all forecasted

12
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variables, suggesting that the bias due to common noise terms indeed plays a significant
role in the data. The differences are quite substantial — the average information gain
based on the CG methodology is Go¢ = 0.75, while our robust estimation yields G = 0.5
on average, so the implied “information stickiness” 1 — G doubles when we account for
common error components. Lastly, our estimated gains are also remarkably stable across
variables and have small standard errors, while the original CG regression leads to much
noisier estimates. All of this leads us to conclude that the underlying information sets

forecasters use indeed contain a substantial common error component.
2.3. Overreaction in individual forecasts

In another seminal paper, Bordalo et al. (2020) directly test rational expectations by

regressing forecast errors on forecast revisions at the level of individual forecasters
Fel = i+ Boansfriy, +errl” %)

If the forecasts were rational, it should not be possible to predict forecast errors using
forecast revisions, as the forecast revisions are clearly part of the forecasters’ time ¢ infor-
mation sets. Thus, rational expectations predicts Spaarrs = 0, but to the contrary, Bordalo
et al. (2020) find that for many macroeconomic series Spgus < 0. Intuitively, this im-
plies that individual forecasts overreact to the arrival of new information, since the time ¢
forecast revision was “too much”, and ends up overshooting the actual realization z; .

We replicate their results by estimating (7) as a panel with individual forecaster fixed
effects, and plot the estimated Spgas in Figure 1, panel (b). Including fixed effects is
important because the panel specification otherwise exploits cross-sectional variation in
addition to the time series variation, which is more information than available to the fore-
casters in real time (i.e. they do not know the other respondents’ contemporaneously
submitted forecasts). In the main text we again focus on the SPF data with horizon h = 3,
and leave the detailed tables of estimates at different horizons for both the SPF and Blue

Chip in Appendix E.2. Results are again very similar across horizons and surveys.
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3. Strategic Incentives in Survey of Forecasts

The findings of under-reaction in average forecasts and the simultaneous over-reaction
in individual forecasts have been important and influential in the recent macro literature,
informing both the calibration of information frictions in models and also disciplining
theories of behavioral expectations formation. However, that literature has generally in-
terpreted the predictability of forecast errors based on the key assumption that the survey
forecasts are unbiased measures of the respondents true beliefs and expectations.

This assumption is contrary to an older, theoretical literature, like Laster et al. (1999)
and Ottaviani and Sgrensen (2006), which emphasizes that the main business goal of
professional forecasters is to compete with one another for customers, and that they
participate in surveys primarily as a way to grow their reputation and attract more cus-
tomers. One important reputation building channel is winning one of the prestigious “Best
Forecaster Awards” the surveys themselves publicize, such as the Lawrence R. Klein Best
BlueChip Forecaster Award which has been running since the 1980s. Many other surveys
of professional forecasters, such as those conducted by FocusEconomics, Consensus Eco-
nomics, and Bloomberg, also publicly recognize a select number of forecasters based on
their relative accuracy. These awards are coveted by professional forecasters and notably,
only the top few forecasters (and usually just one) — the most accurate over the time period
the award covers — are publicized as the “winner” of such awards. Hence, the reputational
payoff for being the best is significantly higher than finishing in any other position in terms
of relative accuracy, since none of the “losers” are ranked or publicized anyways.

Motivated by these observations, Ottaviani and Sgrensen (2006) formalize the compet-
itive incentives forecasters face in answering surveys in the form of a model where survey
respondents participate in a prize-winning forecasting contest, where only the most accu-
rate agent (in a given period) is awarded the prize. Ottaviani and Sgrensen (2006) show
that this microfounded model generates strategic diversification incentives in responding to

the survey, implying that forecasters will optimally seek to “stand out” from the crowd and
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report forecasts that are shaded away from what they expect everyone else to report. This
maximizes their chances of being the “winner” in any given period, even if, on average,
their forecasts will exhibit higher forecast error variance.

In this section, we present a tractable version of a model with strategic incentives based
on the beauty-contest framework of Morris and Shin (2002), and also generalized relative
to Ottaviani and Sgrensen (2006) to include both common and idiosyncratic sources of
information. In Appendix N we show that the equilibrium conditions and key implications
of the beauty-contest framework we present here are the same as a formal winner-take-
all prize winning contest, hence we can think of a winner-take-all game as one type of
microfoundation of the more reduced form beauty-contest framework we analyze here.

We use the model to derive two key results. First, we show that the reporting bias
generated by the strategic incentives delivers simultaneously both of the stylized facts that
the recent literature has emphasized - (i) the BGMS over-reaction in individual forecasts
and (ii) the CG under-reaction in the consensus forecast. Second, we show that our strate-
gic framework makes the further characteristic prediction that while reported forecasts
overreact to idiosyncratic information, they underreact to common information.

Our main contribution is to test and extensively confirm this novel and differentiating
implication in the data. Overall, our results suggest that the well-documented “biases” in

forecasting surveys are likely symptoms of the strategic incentives respondents face.
3.1. Analytical Model of Strategic Incentives

For the analytical results of this subsection we make the simplifying assumption that x;
is an i.i.d., white noise process, which helps with analytics since the solution to the strategic
interaction game necessitates finding a fixed point. Nevertheless, this simplification is only
assumed for the analytical results, and we design our empirical tests and derive their
properties in Section 3.2 for the general case of x; being any stationary process. Moreover,
in Section 4 we also present a quantitative version of the model where we assume that x;

follows an AR (1) process that is estimated from the actual data.
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Agents are rational and have access to the two signals, ¢; and s,@, as defined in (2).
In the spirit of Morris and Shin (2002), the forecasters’ problem is to submit a forecast
Efi) [x,,5] that minimizes the weighted average of the expected squared forecast error and

the expected distance from the average forecast:

min B (B [z144] — 2ip8)? = ME [204n] — Bilzign))?

EP[wern)

gt,s,ﬁ“} ®

The strategic interactions incentives are parameterized by A € (—1,1), where A\ > 0 indi-
cates a game of strategic diversification —i.e. a game where agents want to stand-out from
the crowd, as in a prize-winning contest (see Appendix N). In that case, agents optimally
report forecasts that balance accuracy and the incentive to be different from the average

forecast across the other agents. This can be seen in the first order conditions:

1 A

Bz = mIE(chh lge, s\7) — mE(Et[%M] ¢, 51 9

If A = 0, there are no strategic incentives and agents report their true rational beliefs.
Otherwise, when \ > 0 agents optimally shade their reported forecasts away from their
expectation of the average forecast Fy[z; ).

In the special case under consideration here, where z; is i.i.d., the rational expectation

of x,,, is given by

Elwiin lgisst’] = p+ GF2(st” — ) + G52 (g0 — 1) (10)
with G = T, GI¥ = 7, where x = 1/Var(z;). And to solve for the optimal

reported forecast, Et(i) [141], we guess a similar linear form
EP ] = pt Gulsy? = p) + Galgr — ) (an

We refer to (10) as the true beliefs and to (11) as the reported forecast. Solving the
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equilibrium fixed point jointly defined by (9) and (11), we obtain

GRE
Gy = : RE
(1—=X)+ Gy
1 — RE
GQ — ( /\)GQ

(1 —X) + \GEE

Thus, when agents face strategic diversification incentives (A > 0), and hence want to
stand out from the crowd, they overweight their idiosyncratic signals (that is G; > GIE),
at the expense of underweighting the common (public) signal (G, < GZ¥). In other words,

dividing the above two equations by the respective optimal weights G¥¥ and GE¥ we have

G, Go

Now let us relate to the CG and BGMS regressions we estimated in the previous section.

Formally we have the following Proposition (all proofs are in the Appendix).

Proposition 1. In the strategic incentives game in (8), the resulting forecasts imply

—ATX
L=XNv+724+ (1 = A)?vy)
Bea = (L= Nrx

(A =+ 7P+ (1 = A)2v +7]x)

<0 < A>0

5BGMS = ([(

>0 <~ A<

The first result in the Proposition states that in the presence of strategic diversification
incentives (A > 0) reported forecasts are over-reacting to time ¢ information, in the sense
of BGMS. The key intuition is that the new information at time ¢, i.e. the signals g, and
sf), is partly idiosyncratic, hence the model implies that those new signals as a whole get
overweighted relative to the prior, i, which is common across agents. And we show in
Section 4, this result carries through to dynamic versions of the model as well, with the
intuition being that the time ¢ priors of agents are weighted average of past signals, and

hence less dispersed than the new time ¢ idiosyncratic signals, giving us again Spgys < 0.

The second result of the Proposition states that the model is also consistent with the CG
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finding of o > 0. The reason is two-fold. First, because there is dispersed information,
the average belief is sticky and the CG regression coefficient would be positive if reported
forecasts Et(i)l[xprh] were rational, for the same reasons as in Coibion and Gorodnichenko
(2015). Second, while with A > 0 the reported forecasts overreact to new information, as
long as the strategic diversification incentives are not extreme (A < 1), these two effects
balance out so that the model implies B¢ > 0. Still, it remains the case that G < GF¥ for
A > 0, hence even if one correctly estimates the information gain G from the data, they
would infer a smaller degree of information rigidity than there really is.

Thus, a model of strategic diversification incentives is consistent with both the under-
reaction in aggregate forecasts, and the over-reaction in individual forecasts, and also
biases the econometrician’s inference on the underlying information sets and beliefs.!!

In addition to matching these influential stylized facts, the strategic diversification
model also makes the further, differentiating prediction that forecasts should specifically
overweight new idiosyncratic information, at the expense of new common information (see
equation (12)). Intuitively, forecasters are willing to sacrifice some accuracy in order to
stand out from the crowd, and they do that by tilting their forecast towards idiosyncratic
and away from common information. Simple models of behavioral overreaction often used
to explain the BGMS overreaction results, such as diagnostic expectations for example, do
not imply such differential under- and overreaction to different kinds of signals.

In the next section, we test this implication directly. But before we turn to that, we
briefly note that this characteristic relative overweighting of idiosyncratic signals also im-
plies that the consensus forecast E,(z,,;) is in fact more accurate than the average of the
true rational individual beliefs (i.e. E[z;,5]). This counter-intuitive finding is due to the

fact that idiosyncratic errors, which are overweighted in the suboptimal reported forecasts,

1n a concurrent paper, Baley and Turén (2023) study forecast lumpiness and its interaction with strategic

incentives. Given their focus on lumpiness, they take a reduced form approach to modeling strategic inter-
actions and assume agents treat the consensus as an exogenous variable rather than taking into account it
is a function of others’ actions (as in our beauty-contest equilibrium). Their analysis is complementary but
distinct to ours, taking a reduced form approach to strategic forces and instead focusing on lumpiness.
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wash out when we aggregate to the consensus forecast £,[z,,,]. So while the individual
forecasts are suboptimally volatile, this washes out in the aggregate and leaves the con-
sensus forecast surprisingly accurate.!? There is also a similar result due to behavioral
overconfidence in Broer and Kohlhas (2022), but here it arises as a result of strategic in-
centives. Formally, we find the following relationship between the mean squared errors of

the consensus forecast with and without strategic incentives biasing reported forecasts.

Proposition 2. In the strategic incentives game in (8) with A € (0, 1),

(1—A)?
1 — X+ \GEF)

Var(zen — Eo(ween)) = ( QVC”“(%M —Ei(2441)) < Var(zen — Ei(2i11))

This interesting implication is also consistent with the puzzling empirical finding that
while individual forecasts display predictable errors, the consensus forecasts are surpris-

ingly accurate, and virtually impossible to beat (e.g. Kohlhas and Robertson (2022)).
3.2. Under-reaction to public information in the data

We propose a new empirical methodology that allows us to directly test for the char-
acteristic implication of underweighting of common signals relative to idiosyncratic ones.
The methodology works under the very mild assumptions that x; follows an arbitrary sta-
tionary process and that the reported forecasts follow the linear recursive structure in (3).

We observe that manipulating (3) we can express individual forecast errors as:

i 1-Gi, =i ~(i G ~(i :
feiih,t e YE ] — EX)[x0) — G—j(gt — BV [x0]) — " (13)

and then use an empirical proxy for the public signal ¢, to estimate the regression

fel(tizh,t =a+ b frt(ﬁh,t + ﬁ2pi£2h,t + errgi) (14)

where pigh’t =g — Et(i)l[asprh] is the deviation of the public signal from agent i’s previous

12Gee also Lichtendahl et al. (2013) for a related result in the specific context of “winner-take-all” games.
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period forecast. Loosely speaking, this is the individual-level “surprise” in the public signal,
the same way it appears on the RHS of the forecast error equation (13).

If the reported forecasts are rational then the forecast errors should not predictable and
hence g; = 5, = 0. However, when forecasts deviate from optimal the (; coefficient speaks
to deviations in regards to the weight put on the idiosyncratic signal and /3, is informative
about the differential under- and over-weighting of the common signal. Formally, we can

derive the following Proposition regarding these regression coefficients.
Proposition 3. If agents forecasts follow (3), then for any stationary process x;

RE
G

<0 <= G1>GRE+E(1_GRE)
b))

G, Go

>0 & — > —=
Do G{%E Gé%E

where 3 = var(z; — E’t(i)l[xt]) and S0F = var(xi, — Egi)l[xﬂrh]).

Intuitively, S, > 0 implies that the common signal, ¢;, is underweighted relative to the
idiosyncratic signal, nt(i), and more generally the null hypothesis g, = 0 directly tests the
key characteristic implication of the strategic diversification model we derived in equation
(12). On the other hand, 5, < 0 implies an overreaction to the idiosyncratic signal — since

GHP +

%(1 — GfF) < 1, finding f; < 0 implies that G; > G,

To implement regression (14), we use the lagged consensus E,_,(z,)) — the average
of the individual forecasts made in the previous quarter about the same future date ¢t + h —
as a proxy for the public signal g;.!*> The previous quarter’s consensus is a newly available

signal for quarter ¢, because the survey is distributed to participants at the end of the first

13For analytical convenience, in our model we assume there is a continuum of agents and we further assume

that agents do not observe the consensus forecast, current or lagged. This is the standard assumption in
the literature, because with a continuum of agents, averaging over equation (11) implies that the consensus
perfectly reveals z,,,, and hence observing the consensus makes the forecasting game and problem trivial.
In real life, however, the actual panel dimension in the SPF is limited (around 30 forecasters per period).
Therefore, the idiosyncratic signal noise will not completely average out, rendering the lagged consensus
just a noisy signal about x;,; as we treat it in the empirical analysis. We elaborate further on this subtle
point in Appendix L, where we solve the model for a finite number of forecasters.
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month of each quarter and results are publicized after these forecasts are submitted, at
the end of the second month of the quarter. Hence, the first time the quarter ¢ — 1 survey
results are available to the agents is when they are asked to submit forecasts for the quarter
t survey. Second, this is a public signal because the history of the survey is available to all
participants. And third, it has been well documented that consensus forecasts are indeed
highly informative and salient signals that all survey participants are likely taking into
account (see for example Kohlhas and Robertson (2022)).

In Table 1 we report both the panel regression estimates of (14) (with individual fixed
effects) and the median estimates from running the regression forecaster-by-forecaster in
the SPF. Both specifications display a consistent finding of 8; < 0 and S, > 0 across vari-
ables, with our key regression coefficient /3, being clearly positive and statistically signifi-
cant for all forecast series. Figure 2 provides a graphical representation of our estimates.

This means that while idiosyncratic signals are indeed overweighted (as we might ex-
pect from the BGMS findings), there is in fact a relative underreaction to common signals.
This result confirms the key implication of the model with strategic diversification incen-
tives, and lead us to conclude that deviations from rationality are not necessarily needed
to explain the puzzling features of forecast surveys. More generally, these empirical results
provide a refined understanding of the over and under-reaction of forecasts — some infor-
mation (i.e. public) is underweighted relative to other information — and this gives us a
new informative empirical moment for models to take into account.

Figure 3, panel (a) shows that the estimates of regression (14), remain virtually the
same when using the non-anonymous Blue Chip survey data.'* Overall, forecasts are simi-
larly estimated to underreact to public information and overreact to idiosyncratic informa-
tion. Moreover, for variables that appear in both the SPF and Blue Chip (e.g. RGDP, CPI),
the estimated ; and f; coefficients are numerically very similar across both data sets. In

Figure 3 panel (b) we also consider an additional interesting variation on our regression,

“Moreover, Appendix F presents Tables and Figures that replicate all results in the paper using the BlueChip.
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where we use the individual forecast errors and revision from the BC survey but as a mea-
sure of the public signal we use the lagged consensus from the SPF (so the consensus from
a different survey). The results remain very much the same again.

Lastly, econometrically, it is also interesting to observe that the point estimates of [,
and [, are very consistent across variables and are also tightly estimated, unlike the BGMS
coefficients which are significantly noisier (see Figure 2). Moreover, our 3; estimate is con-
sistently more negative than the corresponding 5zars estimates. Thus, once we separately
identify the overreaction to idiosyncratic information, we find that it is much stronger than
the overall overreaction that BGMS estimate. This suggest that controlling separately for
the public signal on the right hand side of the forecast error predictability regressions
is useful even just for limiting estimation noise, as otherwise the differential under- and

over-weighting of the different types of signals is averaged out in the BGMS regression.!®
3.3. Further tests

While the differential under- and overreaction to common relative to idiosyncratic in-
formation is inconsistent with behavioral models of overreaction where agents overreact to
all new information, it can be consistent with “overconfidence” models where agents over-
estimate the precision of their idiosyncratic signals relative to public signals (e.g. Daniel
et al., 1998; Eyster et al., 2019; Broer and Kohlhas, 2022).

In order to distinguish between such behavioral models and strategic diversification
theories, we bring in data on the Greenbook forecasts by the Federal Reserve Board of
Governors. Differently from the surveys of professional forecasters, the Greenbook fore-
casts are not widely publicized but are prepared for internal FOMC purposes, hence they
are less likely to be subject to the strategic incentives facing professional forecasters that
compete with each other for clients. The Greenbook forecasts are also only published with

a 5 year lag, which further diminishes any potential strategic forces.'® Thus, under the null

15In Appendix C we also show that our empirical results are robust to much stricter treatment of outliers, than

in our benchmark approach in which we follow Bordalo et al. (2020).

16Unfortunately, it is not straightforward to also compare against household or consumer surveys, since com-
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hypothesis that the forecast biases in the surveys of professional forecasters are driven by
strategic incentives, we would expect that such biases are not present in the Greenbook.
We treat the Greenbook as a time series of individual forecasts, and estimate both the
BGMS regression and our main regression (14) on it. While one can argue that multiple
economists contribute to the Greenbook forecast, the assumption we make is that they
do so together, sharing their information sets, in which case the Greenbook projections are
forecasts made under a single information set, and hence the rationality tests apply readily.
Data on the Greenbook (GB) projections is provided by the Federal Reserve Bank of
Philadelphia. We use that data to construct a forecast dataset with the same structure and
coverage as the SPF. Namely, while the GB projections are produced before each FOMC
meeting, we group the forecasts at the quarterly level by keeping only the last forecasts of
the quarter. The forecasts are produced for up to 9 quarters in the future, but we only keep
up to 4 quarters ahead, in-line with the SPF forecasts. There are 15 forecasted variables,
and we keep only the 11 appearing also in the SPF. We follow the same procedure as with
the SPF and transform all series into forecasts of the implied annual growth rate from ¢ — 1
to t + 3. Appendix A provides a detailed description of variable construction, and within

that Table A.3 presents the summary statistics for each series in this dataset.

No overreaction overall. Panel (a) of Figure 4 plots the coefficients estimated by run-
ning the BGMS regression, equation (7), on the GB forecast data. The results show that
with the only exception of forecasts of government consumption, the GB forecasts do not
exhibit a BGMS overreaction bias to new information. Table E.9 reports full details on the

BGMS regression estimates for the GB survey at both 3 and 2 quarters horizons.

No underreaction to public information. As in our benchmark case, we use the lagged
consensus forecast from the SPF as a public signal since it is similarly available to the

Fed’s economists at the time of their projection. This also makes the regression directly

mon surveys like the Michigan Survey of Consumer Expectations have a very limited panel component (with
households rotating out of the survey) or even only contain repeated cross-sections. Our tests need a sub-
stantial time series of forecasts of the same individual.
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comparable to our results in the previous section.

Panel (b) of Figure 4 reports the estimates from regression (14) implemented on the
GB forecast data. Again, the results show that in large part the GB forecasts exhibit nei-
ther overreaction to new idiosyncratic information (; = 0, red bars), nor underreaction
to public information (8, = 0, blue bars). The only exceptions are, again, government
purchases forecasts. Table E.9 provides full estimation details for our benchmark horizon
h = 3, and Table E.10 in the Appendix shows that results remain the same for 4 = 2.

Thus, we conclude that the Greenbook’s forecasts do not display the biases documented
in professional forecasters surveys — neither overall overreaction to new information, nor
the differential under- and overreaction to idiosyncratic relative to common signals. This
finding is consistent with the strategic diversification theory we propose, but not with
behavioral explanations of the biases in professional forecast surveys, unless only the pro-
fessionals, but not the Fed, suffer from behavioral biases in expectations formation.

Furthermore, we perform two additional tests in Appendix B. First, we show that pro-
fessional forecasters underweight the lagged consensus substantially more than another
commonly observed signal, suggesting that forecasters are especially sensitive to differ-
entiating themselves from the consensus. And second, we show that the underweighting
of common information is significantly more pronounced for the variables for which the

precision of the available common information is higher, as predicted by the model.
3.4. A univariate regression approach

Alternatively to our benchmark specification (14), one can also run an univariate ver-

sion of the regression with only the public signal surprise as a regressor,

fegh,t =a+ BBKdmpigfzh,t + errt(i) (15)

Broer and Kohlhas (2022) estimate a similar specification on SPF data, and while both
approaches agree under the null of RE without strategic incentives (i.e. §, = 0 in (14) and

BBKk,, = 0), estimating 8, # 0 and fpk,,, # 0 imply interestingly different notions of over
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and underreaction.

As Proposition 3 showed, a positive §; > 0 directly implies that public signals are
underweighted relative to private signals, which is our key test of strategic incentives.
Instead, a Sk, > 0 roughly speaks to underweighting of the public signal relative to the

prior forecast (i.e. E”,[x.4]). We show this formally in Proposition 4 below.

Proposition 4. When forecasts follow a linear structure as in (3) and x; is stationary

1-G Gy BRE

BBK,, >0 < 1—GRE>G§E =

ZRE

where = Var(zen — ]Egijl[xt+h]) and & = va(zen — B, [2])

However, while estimating Spr, # O clearly rejects RE and no strategic incentives, a
non-zero estimate does not necessarily imply under or overweighting of public information

relative to the prior, that is ; GRE # & GRE For example, a fpk,, > 0 can arise even when

1-G

T gRE = GRE, as long as both the public signal and the prior are both underweighted, i.e.

Gy < GEP and 1 — G < 1 — GEE, This is simply due the fact that non-rational forecasts
imply a higher variance of errors, hence S#* < 3 and by Proposition 4 the estimated
BrK,, > 0 even though the weight on public info relative to the prior in the underlying
forecasts is the same. On the other hand, in our benchmark regression (14) 3, > 0 is
directly informative about the relative weighting of public and private signals, and this is
one of the key reasons we base our benchmark analysis on the multivariate regression.

Nevertheless, the univariate regression is an additional interesting moment which intu-
itively speaks to over/underweighting relative to the prior. And indeed when we estimate
this univariate regression in our data we again consistently find evidence of underreaction
Bek,, > 0 across all series — we report these results in Figure 5, panel (b). Thus, the
univariate approach also consistently finds underreaction, although a different notion of
underreaction — an underweighting of new public information relative to the prior.

And this result is actually also consistent with our strategic diversification framework.

While the analytical model of Section 3 implies Spk,,, = 0, this is only a consequence of
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the simplifying assumption we make in that Section that x; is iid. In that case, agents

share identical priors (]E,@1 = 1), so both the prior and public signal are equally under-

1-G
)1GRE

weighted— = GRE Moreover, with z; iid S7€ = 3, hence BBk, = 0.

However, this knife-edge result changes once we allow x; to be autocorrelated, as we
do in the quantitative analysis below. The key intuition is that when x, is autocorrelated,
then the agents’ information is long-lived (signals from previous periods are still informa-
tive about z;,,), and hence there is heterogeneity in the agents’ prior beliefs Eg?l [T11n]. As
a result, the new public signal g, is optimally underweighted both relative to the heteroge-
neous priors and the new private signal, so we have = GRE > GRE and fpx,,, > 0.7

Lastly, we note that Broer and Kohlhas (2022) run a slightly different univariate re-
gression than (15) — while we use the surprise in the lagged consensus as the regres-
sor, they use the level of the lagged consensus (i.e. just E;_i[z,.;]). The deviations of
the resulting regression coefficient Spx from zero have a similar general interpretation
(over/underweighting relative to the prior), but it is a distinct moment that for complete-
ness we discuss in detail in Appendix C. Interestingly, even in the quantitative version of
our model where we actually have underweighting of the public signal in equilibrium, i.e.
T 1G§E > el 2 the model implies Bzx = 0. So the framework’s implications in terms of the
univariate regressions is nuanced. The strategic diversification model is consistent with
BBk, > 0 as we robustly find in the data, but it does imply Sz, = 0, while the estimates

of this coefficient in the data are dispersed around zero across the different variables in

the SPF (some are positive, some negative, and some insignificant — panel (a) in Figure 5).
4. Quantitative Analysis

Our results indicate that strategic incentives make surveys of professional forecasts a

biased measure of the true underlying beliefs of agents, and thus do not speak directly

7As a side note, our analytical model with iid fundamental in Section 3 would also imply Bpr,, > 0 if

we allow for heterogeneous unconditional (or long-run) priors p;. We show this in Appendix K, where we
include heterogeneous priors for the long-run mean following Patton and Timmermann (2010). In that case,
agents optimally put a lower weight on the public signal relative to their priors, i.e. = 5%,5 > GC}}E , and

hence we can have both gk, > 0and 5, > 0 in the setting of the analytical model as well.
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to the actual level of information frictions and noise in the forecasters’ information sets.
Nevertheless, the literature regularly turns to surveys to estimate such deep characteristics
of interest as information frictions and the degree of uncertainty both in the time-series
and the cross-section (see also the discussion in Coibion and Gorodnichenko (2015)).

In order to overcome this apparent problem, and uncover the true underlying beliefs,
we estimate a quantitative version of the strategic model of Section 3.1, where we gener-
alize the time series process for z; to a AR(1) process and estimate all key parameters from

the data. Agents are rational, and understand that x; follows the AR(1) process

Ty = PTe—1 + Uy (16)

with u; ~ N(0,x!). They observe the two signals in equation (2), and form posterior

beliefs about z;,, according to the Kalman filter

Eii) [Ten] = Eii_)1[90t+h] + G?E(Sgi) - Ez(ei_)1[90t+h]) + G (g — Egi_)1[$t+h])

where the optimal Kalman gain weights are given by GFE = and G =

-
1/SRE 447

m, and the forecast error variance X7¥ is derived in closed form in Appendix I.

Strategic interactions The agents face the same objective function as in Section 3.1,
equation (8). Solving the first order condition above involves finding a fixed point, and
we do so by following the approach in Woodford (2001) and Coibion and Gorodnichenko
(2012). We leave the details to Appendix I, and here only note that the reported forecast of
agent i follows a Kalman-like recursion, with gain coefficients that deviate from optimality

in a similar way as to the analytical model presented in Section 3.1. Specifically,

EPain]) = B [wopn] + Gi(si — BX [men)) + Galge — B, [me4), 17
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with

GEE — \K (9 G — \K (9,
G — 1 ( ’ ) d G — 2 ( ’ )
! [ 1A
where K,y and K, ) are terms of a Kalman-gain matrix computed in the Appendix.
Omitting the algebraic details from the main text for the sake of brevity, we want to

highlight two things. First, similar to the analytical framework we analyzed in Section 3.1,

when A\ > 0 the reported forecasts deviate from optimality by overweighting the private

Gy
GRE

G
> GZ%. The

signal at the expense under-weighting the public signal in the sense of

reason is that, as we show numerically, G¥* < K5 ;) but Gf¥* > K(5).
Second, the structure of the reported forecasts Et(i) [z, falls within the general linear

framework (3). Thus, given this now-familiar implication of relative under- and over-

weighting of common and idiosyncratic signals, it follows that this more general model

also implies $; < 0 and (3, > 0 in regression (14), as we have found is true in the data.
4.1. Estimation

We estimate the model separately for each forecasted series in the SPF. For each series
(e.g. GDP growth), we first estimate an AR(1) process on its realized values and recover
the autoregressive coefficient p and the fundamental disturbance variance y ! that best de-
scribe each series. Given those parameters, we use simulated method of moments (SMM)
to estimate the remaining parameters of the model: the public noise variance ¢ = v},
the private noise variance ag = 7! and the strategic incentive parameter \.

The data moments we target for the SMM step are the average cross-sectional disper-
sion of forecast errors, the coefficient 8; from our key regression in equation (14), and
estimated information gain coefficient G from regression (6) We choose these three mo-
ments as they are differently affected by the three parameters to be estimated.

First, as foreshadowed in Section 3.1, a larger strategic incentive parameter \ increases
the elasticity of posted forecasts to new information G, since the new information (i.e.

g¢ and nt(i)) is partly idiosyncratic and thus gets overweighted as a whole (see first result

in Proposition 1) . Similarly, G is increasing in the precision of both the public and the
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private signals, v and 7 respectively, since GI*F and GE¥ are increasing in those. On the
other hand, as per Proposition 3, /3; is directly informative about the weight put on the
idiosyncratic signal n§i), (1, which is increasing in the precision of the private signal
but decreasing in the precision of the public signal v, since those have opposite effects on
the underlying optimal weight GI*F. Lastly, the dispersion of forecasts is increasing in A
(since that increases the weight put on the idiosyncratic signal, G;), but decreasing in the
precision of public signal v (since that lowers the weight on the public signal, G5).

Table 2 reports the estimated parameters, and in Table 3 we report how the model fits
both the targeted moments, and a number of untargeted moments. As we can see, the
model is able to essentially perfectly match all targeted moments (columns 1-6).

We evaluate the model against several untargeted moments, by considering the model’s
fit of the influential regression coefficients of CG and BGMS, and also the key 3 coefficient
in our key regression, all of which we had left untargeted in the estimation.

We find that the model does an excellent job of fitting the BGMS coefficients for vir-
tually all series. This shows that the model is very much able to generate empirically
relevant amounts of over-reaction in individual forecasts, without the need to assume any
deviations from rationality. Second the model also generally fits the C'G coefficients well,
except for the case of the interest rate series. And third, the model also consistently gen-
erates positive (3, coefficients, and if anything underestimates the degree to which public
information is underweighted in the data. Thus, our estimation is in fact conservative in
terms of its implications of the underweighting of public info.

Having confirmed that the estimated model fits the data, we use it to recover the un-
derlying true beliefs of forecasters. A first important finding of this analysis is that the true
individual beliefs of forecasters are significantly less precise than what might be inferred
from the reported forecasts. To showcase this we report several moments of interest in
Table 4. First, we compute the actual elasticity to new information of the true underlying
beliefs, which we call GH°"st and is by definition equal to G®¥ - the true Kalman gain

used by the rational agents in the model. We differentiate this quantity from the elasticity
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of the reported forecasts, which we have labeled G all along.

In column 1, we report the elasticity G of the reported forecasts, as implied by the
estimated model (as this was a targeted moment, the model’s implications here simply
match what we had already estimated from the data in reduced form). In column 2,
instead, we report the true underlying elasticity to new information, GHo"¢st = GEE | that
is implied by our estimated model. We call this the “honest” or true G. Comparing the
two series of estimates, we find that the true beliefs are significantly “stickier”, and put a
much smaller weight on new information as compared to the raw reported forecasts. The
average G'F of the true beliefs is about 25% lower than that of the reported forecasts.

The reason is intuitive. The strategic diversification incentives give reason for agents
to overweight their idiosyncratic signals and underweight the public signals in their re-
ported forecasts. However, as discussed before, in their reported forecasts agents optimally
overweight the idiosyncratic signals by a higher degree than the degree to which they un-
derweight public signals, and as a result the overall weight put on new information in
reported forecasts is higher than for the true underlying beliefs of the agents.

A second, related, but distinct implication is that the consensus forecast E;[x,4] is in
fact a highly accurate predictor of x;,,, even though the individual forecasts underlying
that consensus are suboptimal and display predictable errors. As explained in Section 3.1,
the reason is that the overweighted idiosyncratic errors wash out when we average across
forecasters. Wen report the difference between the mean squared error of the average of
reported forecasts (i.e. the “consensus”) and the corresponding MSE of the average of the
agent’s underlying true beliefs in columns 4 and 5 of Table 4 and also plot the ratio visually
in panel (a) of Figure 6. For some variables (nominal GDP, CPI, Housing Start, Ten-year
and AAA bond rate) the true mean squared error is more than 150% larger than the MSE of
the reported consensus forecast. Thus, strategic behavior has the unintended consequences
of making the consensus forecast a surprisingly good predictor, as it harnesses the agents’
dispersed information better than the average of the true underlying expectations.

And finally, the overweighting of idiosyncratic signals also artificially increases the
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cross-sectional dispersion of both forecast errors and reported forecasts, which two mo-
ments are often used as a model-free proxies for uncertainty and disagreement in the
literature (e.g. Kozeniauskas et al. 2018). We report both the dispersion of the reported
forecasts and the dispersion of the true underlying beliefs in columns 7 and 8, and also
plot them visually in panel (b) Figure 6. We find the striking result that the actual, true
dispersion of agents’ beliefs is often less than half of the dispersion in reported forecasts.
All three of these results suggest that we should be cautious about the use of SPF
moments for directly inferring the information noise and frictions that agents actually
face. Surveys of forecasts can still be very useful for inferring deep economic parameters
of interest, such as signal precision, but the survey data needs to be filtered to uncover the

true underlying beliefs by taking into account the strategic incentives facing forecasters.
5. Conclusion

This paper evaluated whether strategic consideration might bias survey-reported fore-
casts away from the underlying true beliefs of agents, and thus complicate inference on
the agents’ true expectations. First, we show that a model with strategic diversification
incentives is consistent with the seminal empirical findings of Coibion and Gorodnichenko
(2015) and Bordalo et al. (2020). Second, we show that a characteristic and differentiat-
ing prediction of such a model is that common noisy signals should be underweighted, even
though new information as a whole should be overweighted. We take this prediction to the
data and find strong and robust evidence that common signals are indeed underweighted.

Our conclusion that survey of expectations is affected by strategic incentives has far
reaching implications about the use of such expectational surveys in the broader economic
literature. Most obviously, the surveys are not a direct and unbiased measure of expec-
tations, as such the raw moments cannot be directly targeted to calibrate information
frictions or uncertainty parameters in models. Still, the true beliefs and the likely true pa-
rameters of the underlying information sets of agents can be estimated once the strategic

incentives are taken into account, and we do so and provide such estimates in the paper.
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Figure 1: Under- and over- reaction in SPF forecasts, h = 3 quarters

Notes: Panel (a): The red circles represent the implied gain from the CG regression, i.e. ﬁ Standard errors are Newey-West

(1994), with optimal bandwidth selection. The blue diamonds represent the gain estimated from (6) with individual and time
fixed effects. Standard errors are Driscoll and Kraay (1998). Panel (b): Panel estimate of Sggass with forecaster fixed effects. In
both panels, bars reports the 90% confidence interval for the estimated coefficients and the forecast are at horizon h=3 quarters.
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Figure 2: Forecast errors on forecast revisions and public information, SPF

Notes: this figure plots the coefficients from the panel regression (14) with individual fixed effect and horizon h=3. The red circles
represent the coefficient 3; while the blue diamonds represent the coefficient 85. Bars reports the 90% confidence interval for the
estimated coefficients. Standard errors are Driscoll and Kraay (1998).

0.4

02

1 ] I

o
e bed
—

-0.2f 02t J

I t I

-0.6 - -0.6 I

o8l ; ‘ ‘ ; : ‘ o8 ‘ ; ; ‘ ‘
Q Q X 2 Q Q & A Q Q N N4 L QO
9 O & » S O < o O O ¢ > S O

& & Q /&o & NS &L & 2 &o VVQ’O
& ?
‘ ¢ Revisions § Lagged consensus‘ ‘ ¢ Revisions § SPF consensus
(a) Blue chip individual forecasts and consensus (b) Blue chip individual forecasts and SPF consensus

Figure 3: Blue Chip survey data

Notes: this figure plots the panel estimates of regressions (14) with individual fixed effect and horizon h=3. Panel (a) uses only
data from the Blue Chip survey. Panel (b) uses individual forecast data from the Blue Chip survey and the lagged consensus
forecast data from the SPF. Bars reports the 90% confidence interval for the estimated coefficients. Standard errors are Driscoll
and Kraay (1998).
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Figure 4: Estimated coefficients on the Greenbook survey

Notes: Panel (a) reports the coefficient from the BGMS regression using the Greenbook projections. Panel (b) plots the estimates
of our regression (14) using forecasts from the Greenbook. The blue diamonds represent the coefficient 8; while the red circles
represent the coefficient 2. In both panels, bars report the 90% confidence interval for the estimated coefficients and the forecast
are at horizon h=3. Standard errors are Newey and West (1994) with optimal bandwidth selection.
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Figure 5: Forecast errors on lagged consensus
Notes: this figure plots the panel estimates of regressions (24)and (15), in panel (a) and panel (b) respectively, with individual

fixed effect and horizon h=3. Bars reports the 90% confidence interval for the estimated coefficients. Standard errors are Driscoll
and Kraay (1998).
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(a) Mean Squared Errors (b) Forecast dispersion

Figure 6: Honest and posted forecasts
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Table 1: Private and public information, SPF

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value  Median B2 SE p-value Median
Variable (@h) (2) (3) 4 (5) (6) (7) (8)
Nominal GDP -0.54 0.12 0.00 -0.44 0.75 0.07 0.00 0.76
GDP price index inflation -0.68  0.05 0.00 -0.64 0.81 0.04 0.00 0.83
Real GDP -0.34  0.12 0.01 -0.18 0.57 0.08 0.00 0.61
Consumer Price Index -0.48 0.11 0.00 -0.46 0.68 0.08 0.00 0.69
Industrial production -0.59  0.15 0.00 -0.60 0.79  0.08 0.00 0.78
Housing Start -0.58 0.11 0.00 -0.53 0.78 0.06 0.00 0.71
Real Consumption -0.57 0.16 0.00 -0.58 0.81 0.08 0.00 0.81
Real residential investment -0.38 0.15 0.01 -0.39 0.73 0.08 0.00 0.66
Real nonresidential investment -0.12  0.18 0.50 -0.10 0.65 0.10 0.00 0.51
Real state and local government consumption -0.83  0.04 0.00 -0.81 093 0.03 0.00 0.89
Real federal government consumption -0.84 0.03 0.00 -0.77 091 0.03 0.00 0.87
Unemployment rate 0.11 0.21 0.60 -0.02 0.44 0.11 0.00 0.42
Three-month Treasury rate 0.06 0.15 0.68 0.11 0.52 0.11 0.00 0.38
Ten-year Treasury rate -0.47  0.09 0.00 -0.40 0.76  0.04 0.00 0.83
AAA Corporate Rate Bond -0.61  0.09 0.00 -0.67 0.83 0.06 0.00 0.87
Panel B: 2 quarters horizon
Revision Public signal
B1 SE p-value  Median B2 SE p-value  Median

Variable ) ) 3) “@ 5) (6) () ®
Nominal GDP -0.35  0.09 0.00 -0.27 0.62 0.06 0.00 0.63
GDP price index inflation -0.55 0.06 0.00 -0.50 0.70 0.04 0.00 0.66
Real GDP -0.26  0.13 0.05 -0.14 0.54 0.08 0.00 0.54
Consumer Price Index -0.38 0.09 0.00 -0.36 0.52 0.08 0.00 0.52
Industrial production -0.16  0.12 0.19 -0.14 0.49 0.08 0.00 0.50
Housing Start -0.15  0.08 0.07 -0.15 0.54 0.05 0.00 0.56
Real Consumption -0.37  0.11 0.00 -0.29 0.64 0.07 0.00 0.69
Real residential investment -0.13  0.11 0.22 -0.16 0.49 0.07 0.00 0.43
Real nonresidential investment -0.02 0.10 0.81 -0.04 0.41 0.07 0.00 0.44
Real state and local government consumption -0.63  0.08 0.00 -0.51 0.79 0.04 0.00 0.72
Real federal government consumption -0.71  0.06 0.00 -0.64 0.80 0.04 0.00 0.74
Unemployment rate 0.09 0.15 0.56 0.03 0.39 0.10 0.00 0.37
Three-month Treasury rate 0.02 0.11 0.89 0.10 0.48 0.10 0.00 0.39
Ten-year Treasury rate -0.46  0.11 0.00 -0.45 0.71  0.07 0.00 0.67
AAA Corporate Rate Bond -0.49 0.08 0.00 -0.52 0.70  0.06 0.00 0.71

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information).
Columns 1 to 3 show coefficient 5; (forecast revision) from the panel regression with individual fixed effect, with standard errors and
corresponding p-values. Standard errors are robust and clustered by time and forecaster. Column 4 shows the median coefficient of
the same regression at the individual level. Columns 5 to 7 show coefficient 52 (public information) from the panel regression with
individual fixed effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 8
shows the median coefficient of the same regression at the individual level. Panel A uses forecast at 3 quarters horizon and panel B
uses forecast at 2 quarters horizon.
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Table 2: Estimated parameters

P A

Variable m @ G @

Nominal GDP 093 220 290 0.74

GDP price index inflation 0.93 257 452 0.88

Real GDP 0.88 247 1.84 0.55

Consumer Price Index 0.78 191 2.54 0.61

Industrial production 0.85 1.64 3.44 0.68

Housing Start 0.85 1.89 3.27 0.70

Real Consumption 0.87 1.77 3.40 0.67

Real residential investment 0.89 244 3.04 0.49

Real nonresidential investment 0.89 5.63 1.64 0.25

Real state and local government consumption 0.89 1.73 7.76 0.90

Real federal government consumption 0.80 1.65 8.42 0.87

Ten-year Treasury rate 0.83 3.28 244 0.72

AAA Corporate Rate Bond 0.85 3.08 3.33 0.87

Table 3: Moments in data and model
Targeted moments Untargeted moments
Mean Dispersion C 51 Bea BBGaMS B2
Data Model | Data Model | Data  Model Data Model | Data Model | Data Model

Variable €) @ | ® @ |®® © | o ® | % a |da) a2
Nominal GDP 1.49 149 | 0.53 053 | -0.54 054 || 052 041 | -0.25 -0.31 | 0.75 0.21
GDP price index inflation 0.33 0.33 | 049 049 | -068 -0.68 | 029 050 | -035 -0.44 | 081 031
Real GDP 0.93 0.93 | 056 056 | -0.33 -0.33 || 0.67 051 |-010 -0.22 | 0.57  0.09
Consumer Price Index 0.31 031 | 049 049 | -048 -048 || 0.22 038 | -030 -024 | 0.67 0.16
Industrial production 3.71 371 | 050 050 | -0.59 -0.59 || 0.21 0.22 |-030 -022 | 0.79 026
Housing Start 110.04 110.04 | 049 049 | -0.58 -0.58 || 038 032 | -028 -028 | 0.78 0.23
Real Consumption 0.51 0.51 0.49 0.49 -0.56  -0.56 0.31 0.25 -0.26  -0.23 | 0.80 0.23
Real residential investment 27.03 27.03 | 041 041 | -0.37 -0.37 1.22 040 | -0.08 -0.17 | 0.73 0.11
Real nonresidential investment 7.38 7.38 0.48 0.48 -0.12  -0.12 1.21 0.94 0.08 -0.10 0.65 0.01
Real state and local government 141 | 047 047 | 084 -0.84 || 063 017 | -048 -041 | 091 045
consumption
Real federal government 6.40 6.40 | 0.43 043 | -083 -0.83 || -023 0.12 | -0.56 -0.35 | 0.93 0.37
COIlSllIl'lpthl’l
Ten-year Treasury rate 0.17 0.17 | 051 051 | -047 -0.47 || -0.01 0.69 | -022 -0.38 | 0.76  0.09
AAA Corporate Rate Bond 0.34 0.34 | 054 054 | -061 -0.61 || -0.03 0.62 |-027 -048 | 083 0.18
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Table 4: Posted and honest moments

G Consensus MSE Dispersion

Posted Honest Ratio | Posted Honest Ratio | Posted Honest Ratio
Variable (€8] 2 (€)) ()] (5) (6) (7) (8) 9
Nominal GDP 0.53 0.40 0.76 0.49 1.07 2.19 1.49 0.29 0.19
GDP price index inflation 0.49 0.32 0.66 0.05 0.14 2.92 0.33 0.02 0.06
Real GDP 0.56 0.45 0.80 0.37 0.71 1.89 0.93 0.43 0.46
Consumer Price Index 0.49 0.40 0.82 0.23 0.36 1.58 0.31 0.08 0.27
Industrial production 0.50 0.44 0.87 3.51 5.11 1.46 3.71 0.60 0.16
Housing Start 0.49 0.40 0.82 69.95 115.75 1.65 110.04 18.10 0.16
Real Consumption 0.49 0.42 0.86 0.46 0.68 1.49 0.51 0.09 0.18
Real residential investment 0.41 0.36 0.87 29.60 40.95 1.38 27.03 10.76 0.40
Real nonresidential investment 0.48 0.43 0.90 4.12 5.30 1.29 7.38 6.01 0.82
Real state and local government consumption 0.47 0.40 0.86 0.54 0.81 1.51 1.41 0.02 0.02
Real federal government consumption 0.43 0.39 0.90 5.96 7.49 1.26 6.40 0.14 0.02
Ten-year Treasury rate 0.51 0.33 0.64 0.04 0.11 2.55 0.17 0.05 0.27
AAA Corporate Rate Bond 0.54 0.29 0.54 0.04 0.14 3.75 0.34 0.04 0.11
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Appendix to “Biased Surveys”

Appendix A Data and variable construction

The forecast data come from three different datasets: the Survey of Professional Fore-
casters, collected by the Federal Reserve Bank of Philadelphia, the Tealbook/Greenbook of

the Federal Reserve Board of Governors, and the Blue Chip Financial Indicators survey.

Survey of Professional Forecasters All surveys are collected around the 3rd week of the
middle month in the quarter. In this section, z; indicate the actual value and Fjx;,; the
forecast provided in ¢ about horizon h. All actual values of macroeconomic series (1-12)
use the first release level, which are available to forecasters in the following quarter. We

transform the macroeconomic level in year-over-year growth, following the literature.

1. NGDP
e Variable: nominal GDP.

* Question: The level of nominal GDP in the current quarter and the next 4 quar-

ters.

* Forecast: Nominal GDP growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:

Fixips 1
Tt—1

.. F F,_
e Revision: ZTB — F: 1;:*?

* Actual: T —1
* Sample: 1969q1-2017q4
2. RGDP
* Variable: real GDP.
* Question: The level of real GDP in the current quarter and the next 4 quarters.
* Forecast: real GDP growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:

Fixiys 1
Tp—1
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e Revision: ;”’tﬁ -7 ﬁz*?

* Actual: T —1

e Sample: 1969q1-2018q3
3. PGDP

* Variable: GDP deflator.

* Question: The level of GDP deflator in the current quarter and the next 4 quar-

ters.

* Forecast: GDP price deflator inflation from end of quarter ¢t — 1 to end of quarter

t+3: HEes g

Tt—1

Fizi4s  Fi_1%i43

e Revision: P Fas

e Actual: % -1

e Sample: 1984q1-2017q4

* Variable: Consumer Price Index.
* Question: CPI growth rate in the current quarter and the next 4 quarters.

* Forecast: CPI inflation from end of quarter ¢ — 1 to end of quarter ¢ +3: Fy(z;/4+
1) % Fy(ze11/4 + 1) % Fi(2e42/4 + 1) * Fy(z43/4 + 1), where z is the annualized

quarterly CPI inflation in quarter t.
* Revision: Ft<zt/4+ 1)*Ft<zt+1/4+ 1>*Ft(zt+2/4+ 1) *Ft<Zt+3/4+ 1) _Ft71<zt/4+
1) k Ft—l(zt+1/4 'f‘ 1) * E_l(zt+2/4 + 1) k Ft—l(zt+3/4 ‘I— 1)

* Actual: fj—”i — 1. Real time data is not available before 1994Q3. For actual

periods prior to this date, we use data published in 1994Q3 to measure the

actual outcome.
e Sample: 1993q3-2018q2

5. RCONSUM
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Variable: Real consumption.

Question: The level of real consumption in the current quarter and the next 4

quarters.

Forecast: GDP price deflator inflation from end of quarter ¢t — 1 to end of quarter

£ 3 Dt g

Tt—1

teinme FtTies  Froixegs
Revision: —=== — ="

Actual: &2 — 1

Tt—1

Sample: 1981q4-2018q3

6. INDPROD

Variable: Industrial production index.

Question: The average level of the industrial production index in the current

quarter and the next 4 quarters.

Forecast: Growth of the industrial production index from quarter ¢ — 1 to quarter

t43: Hs g

Tt—1

Fizyys  Fi_1T443

Revision:
Ti_1 Fy 11

Actual; &+ — 1

Tt—1

Sample: 1970q1-2018q1

7. RNRESIN

Variable: Real non-residential investment.

Question: The level of real non-residential investment in the current quarter

and the next 4 quarters.

Forecast: Growth of real non-residential investment from quarter ¢t —1 to quarter

t+ 3; Dzees g

Tt—1

teinme FtTirs  Froixeqs
Revision: ——= Fi_12i-1

Actual: &+ — 1

t—1
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. RRESIN

e Variable: Real residential investment.
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Question: The level of real residential investment in the current quarter and the

next 4 quarters.

Forecast: Growth of real residential investment from quarter ¢ — 1 to quarter
Ft$t+3 .
t+3: ) 1

Fizyys  Fi_1%443

Revision: 7
Tt—1 t—1Tt—1

Actual: x"* ? -1

Sample: 1981q4-2018q3

* Variable: Real federal government consumption.

Question: The level of real federal government consumption in the current quar-

ter and the next 4 quarters.

Forecast: Growth of real federal government consumption from quarter ¢t — 1 to

quarter ¢ + 3: £&3

Tt—1

fainm. FiTers  Fio1Tys
Revision: P Fiio

Actual: mt“’ —1

Sample: 1981q4-2018q4

. RGSL
* Variable: Real state and local government consumption.

* Question: The level of real state and local government consumption in the cur-

rent quarter and the next 4 quarters.

* Forecast: Growth of real state and local government consumption from quarter

t — 1 to quarter ¢ + 3: Zfus

Tt—1
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e Revision: ;”’tﬁ -7 ﬁz*?

* Actual: T —1
e Sample: 1981q4-2018q4
11. HOUSING

* Variable: Housing starts.

* Question: The level of housing starts in the current quarter and the next 4

quarters.

* Forecast: Growth of housing starts from quarter ¢ — 1 to quarter ¢ + 3: % -1

.. F . F_ .
e Revision: ;fj s inii f

* Actual: T — 1
12. UNEMP
* Variable: Unemployment rate.

* Question: The level of average unemployment rate in the current quarter and

the next 4 quarters.
* Forecast: Average quarterly unemployment rate in quarter ¢t + 3: Fyx;.3
* Revision: Fixy 3 — Fy 12443
e Actual: x;3
e Sample: 1969q1-2018q4
13. TB3M
* Variable: 3-month Treasury rate.

* Question: The level of average 3-month Treasury rate in the current quarter and

next 4 quarters.
* Forecast: Average quarterly 3-month Treasury rate in quarter ¢ + 3: Fyx;3

* Revision: Fyxy 3 — Fy 12403
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e Actual: x;,3
e Sample: 1981q4-2017q4
14. TN10Y
* Variable: 10-year Treasury rate.

* Question: The level of average 10-year Treasury rate in the current quarter and

next 4 quarters.
» Forecast: Average quarterly 10-year Treasury rate in quarter ¢ + 3: Fyx;,3
* Revision: Fixy 3 — Fy_ 17443
e Actual: x;,3

* Sample: 1992q2-2017q4

* Variable: AAA corporate bond rate.

* Question: The level of average AAA corporate bond rate in the current quarter

and next 4 quarters.

* Forecast: Average quarterly AAA corporate bond rate in quarter ¢t + 3: Fyxy 3

e Revision: Fixy 3 — Fy 12443

e Actual: x;3

* Sample: 1981q4-2017q4
Tealbook/Greenbook projections The Tealbook/Greenbook is produced by the Research
staff at the Federal Reserve Board of Governors before each meeting of the Federal Open
Market Committee. We aggregate at quarterly frequency by considering only the last pro-
jection available in any quarter. The projections from the Tealbook/Greenbook are released

to the public with a lag of five years. We consider the variables forecasted also in the SPF,

meaning all the macroeconomic variables with the exception of real consumption.
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For most variables (NGDP, PGDP, RGDP, CPI, INDPROD, RRESINV, RNRESIN, RGF,
RGSL) the projections are provided in quarter-over-quarter annualized growth. We trans-
form the annualized quarter-on-quarter growth forecast in not-annualized. Thatis, F;z, ) =
(FiZn, + 1)/ — 1. where F,Z,,, indicates the forecast provided in ¢ about the annualized
quarterly growth rate between quarter t — h — 1 and ¢ + h. HOUSING is provided in level.
We transform all of them in year-over-year growth in order to compare them with SPF
forecasts. Similarly, we keep projections for UNEMP in level. The actuals are the same as

for the SPF data.
1. NGDP

e Variable: nominal GDP.

* Question: nominal GDP growth annualized rate in the current quarter and the

next quarters.

* Forecast: nominal GDP growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:

(Frzp + 1) % (Fizgn + 1) % (Frzigo + 1) * (Fizps + 1) — 1.

e Revision:[(Fiz;+ 1) % (Fizppr + 1) % (Fizpo + 1) % (Fizps + 1) — 1] = [(Fio12ze + 1) %
(Fio1zip1 + 1) x (Fioqzi00 + 1) % (Fio1 2043 + 1) — 1]
* Actual: T —1
* Sample: 1970q1-2016q4
2. RGDP
* Variable: real GDP.

* Question: Real GDP growth annualized rate in the current quarter and the next

quarters.

* Forecast: real GDP growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:

(FtZt + 1) * (tht-l—l + 1) * (FtZt+2 + 1) * (FtZt+3 + 1) —1.

° ReViSiOH:[(FtZt + 1) * (tht+l + 1) * (tht+2 + 1) * (E2t+3 + 1) — 1] — [(thlzt + 1) *

(Frm1zip1 + 1) % (Fioizgpo + 1) % (Fioi 243 + 1) — 1]

7
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Actual: &2 — 1
Tt—1

Sample: 1970q1-2016q4

3. PGDP

Variable: GDP deflator.

Question: GDP deflator growth annualized rate in the current quarter and the

next quarters.

Forecast: GDP deflator growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:
(Fize + 1) % (Frzpor + 1) x (Fizppo + 1) % (Fizes + 1) — 1

Revision:[(Fiz; + 1) % (Fyzpp1 + 1) % (Fizppo + 1) % (Fizps + 1) — 1] — [(Fio12e + 1) %
(Fio1zei1 + 1) % (Fy_1ze40 + 1) % (Fro12e03 + 1) — 1]

Actual: 2 — 1

Sample: 1984q1-2016q4

Variable: Consumer Price Index.

Question: CPI growth annualized rate in the current quarter and the next quar-

ters.

Forecast: CPI growth from end of quarter ¢ — 1 to end of quarter ¢ + 3: (F;z; +

1) * (tht+1 + 1) * (tht+2 + 1) * (tht+3 =+ 1) — 1

Revision:[(Fiz; + 1) % (Fizepr + 1) * (Frzppo + 1) % (Fizprg +1) — 1) = [(Fio1ze + 1) %

(Fic1zip1 + 1) % (Fioizipo + 1) % (Fioi 243 + 1) — 1]

Actual: &2 — 1
Tt—1

Sample: 1993q3-2016q4

5. INDPROD

Variable: Industrial production index.
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* Question: The average level of the industrial production index in the current
quarter and the next 4 quarters.

* Forecast: INDPROD growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:
(Fyze + 1) * (Fyzper + 1) * (Fizpo + 1) % (Fizp3 + 1) — 1.

e Revision:[(Fizi+ 1) * (Fyzep1 + 1) % (Fizpro + 1) % (Frzeps + 1) — 1] — [(Fio12e + 1) *
(Fio1zip1 + 1) x (Fioqzi0 + 1) % (Fio1 2003 + 1) — 1]

* Actual: 22 — ]

e Sample: 1970q1-2016q4

6. RNRESIN

e Variable: Real non-residential investment.

* Question: The level of real non-residential investment in the current quarter

and the next 4 quarters.

* Forecast: RNRESIN growth from end of quarter t — 1 to end of quarter ¢ + 3:
(Fyze + 1) * (Fyzper + 1) * (Fizpo + 1) % (Fizp3 + 1) — 1.

e Revision:[(Fizi+ 1) * (Fyzep1 + 1) % (Fizppo + 1) % (Frzeps + 1) — 1] — [(Fio1ze + 1) *
(Fio1zip1 + 1) x (Fioqzi00 + 1) % (Fio1 2003 + 1) — 1]

* Actual: T —1

* Sample: 1978q3-2016q4

7. RRESIN
* Variable: Real residential investment.

* Question: The level of real residential investment in the current quarter and the

next 4 quarters.

* Forecast: RRESIN growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:
(tht + 1) * (tht-i-l + 1) * (tht-‘r? + 1) * (tht+3 + 1) — 1.
° ReViSiOH:[(FtZt + 1) * (tht+l + 1) * (tht+2 + 1) * (E2t+3 + 1) — 1] — [(thlzt + 1) *

(Frm1zip1 + 1) % (Fioizgpo + 1) % (Fioizi43 + 1) — 1]

9
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8. RGF

Actual: &2 — 1
Tt—1

Sample: 1978q3-2016q4

Variable: Real federal government consumption.

Question: The level of real federal government consumption in the current quar-

ter and the next 4 quarters.

Forecast: RGF growth from end of quarter ¢ — 1 to end of quarter ¢t + 3: (F;z +
1) % (Fyzepr + 1) % (Fizppo + 1) * (Fizps + 1) — 1L

Revision:[(Fiz; + 1) * (Fyzpp1 + 1) % (Fizppo + 1) % (Fizpps + 1) — 1] — [(Fro12e + 1) %
(Fio1zei1 + 1) % (Fy_1ze40 + 1) % (Fro12e03 + 1) — 1]

Actual: % -1

Sample: 1978q3-2016q4

9. RGSL

Variable: Real state and local government consumption.

Question: The level of real state and local government consumption in the cur-
rent quarter and the next 4 quarters.

Forecast: RGSL growth from end of quarter ¢t — 1 to end of quarter ¢ + 3: (Fyz; +
1)« (Fyzppr + 1) % (Fizppo + 1) * (Fizps + 1) — 1

Revision:[(Fyz; + 1) * (Fyzppr + 1) % (Fizppo + 1) % (Fizps+ 1) — 1] — [(Fro12e + 1) %
(Fio1zip1 + 1) * (Fioqzi0 + 1) x (Fi_1 2003 + 1) — 1]

Actual: 75 — 1

Sample: 1978q3-2016q4

10. HOUSING

Variable: Housing starts.

10
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* Question: The level of housing starts in the current quarter and the next 4

quarters.

* Forecast: Growth of housing starts from quarter ¢ — 1 to quarter ¢ + 3: 228 _ ]

Tt—1

Fizi4s  Fi_1%i43

e Revision: P oo

e Actual: %3 — 1

Tt—1

* Sample: 1970q1-2016q4
11. UNEMP
e Variable: Unemployment rate.

* Question: The level of average unemployment rate in the current quarter and

the next 4 quarters.
» Forecast: Average quarterly unemployment rate in quarter ¢ + 3: Fix;,3
* Revision: Fyxy 3 — Fy_ 12443
e Actual: x;,3

* Sample: 1970q1-2016q4

Blue Chip survey As we consider the survey published in the last month of the quarter,
the answers were submitted at the end of the middle month in the quarter/beginning of
the last month in the quarter. In this section, z; indicate the actual value and for financial
variables F,x,;,, indicate the forecast about the actual value in ¢ 4+ h. For macro variables,
we transform the annualized quarter-on-quarter growth forecast in not-annualized. That
is, Fyzeon = (FyZn + 1) — 1. where F,Z,,, indicates the forecast provided in ¢ about
the annualized quarterly growth rate between quarter ¢ — h — 1 and ¢ + h.

All actual values of macroeconomic series use the first release level, which are available
to forecasters in the following quarter. We transform the macroeconomic forecasts in year-

over-year growth, following the literature.
1. RGDP

11
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Variable: real GDP.

Question: Real GDP growth annualized rate in the current quarter and the next

4 to 5 quarters.

Forecast: real GDP growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:
(Fize + 1) % (Fyzg1 + 1) % (Fizpeo + 1) * (Fizip3 + 1) — 1. To compute forecast for

shorter horizons, we proxy unobserved back-casting F;z; 1, F}z;_o, etc., with the

realized past quarterly real GDP growth rate, z; | = (mH ) 1,20 = (“*2> -1,

T2 i3

etc.

Revision:[(Fiz; + 1) % (Fizep1 + 1) * (Frzppo + 1) % (Fizpes +1) — 1) = [(Fio12e + 1) %
(Fi1z1+ 1)« (Fioqzi00+ 1) x (Fio1203 + 1) — 1]

Actual: T — 1

Sample: 1993q2-2018q3

2. PGDP

e Variable: GDP deflator.

* Question: GDP deflator growth annualized rate in the current quarter and the

3. CPI

next 4 to 5 quarters.

Forecast: GDP deflator growth from end of quarter ¢ — 1 to end of quarter ¢ + 3:
(Fize + 1) x (Fyzgpr + 1) x (Fyzio + 1) % (Fyzi03 + 1) — 1. To compute forecast

for shorter horizons, we proxy unobserved back-casting F;z; 1, F;z;_s, etc., with

the realized past quarterly GDP deflator growth rate, z;_; = <iz:;) —1, 29 =
(%) — 1, etc.

Revision:[(Fiz; + 1) % (Fizep1 + 1) * (Fyzppo + 1) x (Fizgps +1) — 1) — [(Fio1ze + 1) %
(Fi1ze1+ 1) (Fioizpae + 1) % (Fro1z03 + 1) — 1]

Actual: 7 —1

Sample: 1993q2-2017q4

12
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Variable: Consumer Price Index.

Question: CPI growth annualized rate in the current quarter and the next 4 to

5 quarters.

Forecast: CPI growth from end of quarter ¢t — 1 to end of quarter t+3: (Fiz +1)*
(Fyzi1+1)*(Fiziq0+1)*%(Fy 2z 3+1)—1. To compute forecast for shorter horizons,

we proxy unobserved back-casting F;z; 1, F;z;_o, etc., with the realized past

quarterly CPI growth rate, z;_; = (ﬁz:;) —1, zs_9 = (Z:i) — 1, etc.
ReViSion:[(tht + 1) k (tht-i-l —|‘ 1) * (tht—i-Q + 1) * (Ezt+3 + 1) — 1] — [(Ft_lzt —|‘ 1) k
(Fic1zepr + 1) % (Forzipe + 1) * (Froizqs + 1) — 1

Actual: &2 — 1
Tt—1

Sample: 2001q2-2018q2

4. TB3M

Variable: 3-month Treasury rate.

Question: The level of average 3-month Treasury rate in the current quarter and

next 4 quarters.

Forecast: Average quarterly 3-month Treasury rate in quarter ¢ + 3: Fyxy3
Revision: Fix; 3 — Fy 1743

Actual: z;3

Sample: 1993q2-2019q1

5. TN10Y

Variable: 10-year Treasury rate.

Question: The level of average 10-year Treasury rate in the current quarter and

next 4 quarters.
Forecast: Average quarterly 10-year Treasury rate in quarter ¢ + 3: Fyz;,3
Revision: Fix;i3 — Fy 1743
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8. FF

Actual: x5

Sample: 1993q2-2019q1

TNSY

Variable: 5-year Treasury rate.

Question: The level of average 5-year Treasury rate in the current quarter and

next 4 quarters.

Forecast: Average quarterly 5-year Treasury rate in quarter ¢t + 3: Fyx;.3
Revision: Fix; 3 — Fy_ 17443

Actual: x5

Sample: 1993g2-2019q1

Variable: AAA corporate bond rate.

Question: The level of average AAA corporate bond rate in the current quarter

and next 4 quarters.

Forecast: Average quarterly AAA corporate bond rate in quarter ¢ + 3: Fyx; 3
Revision: Fixsi3 — Fy 17443

Actual: x;3

Sample: 1993q2-2019q1

Variable:Federal funds rate.

Question: The level of average FF corporate bond rate in the current quarter

and next 4 quarters.
Forecast: Average quarterly AAA corporate bond rate in quarter ¢ 4+ 3: Fyx;,3

Revision: Fix;i3 — Fy 1743

14
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Table A.1: Summary Statistics: SPF

Consensus Individual
Errors Revisions Forecast Nonrev Pr(< 80%
dispersion share revise same
Mean  SD SE Mean  SD direction)

Variable (€D) @ 3) ()] (5) (6) (7 (8)

Nominal GDP -0.26 1.69 0.19 -0.14  0.68 1.00 0.02 0.80
GDP price index inflation -0.28 0.58 0.08 -0.08 0.25 0.49 0.07 0.85
Real GDP -0.26 1.64 0.19 -0.16  0.58 0.78 0.02 0.74
Consumer Price Index -0.08 1.04 0.15 -0.11  0.68 0.54 0.06 0.66
Industrial production -0.83 3.94 046 -0.49 1.19 1.57 0.01 0.72
Housing Start -3.36 17.79 2.20 -2.31  5.93 8.34 0.00 0.68
Real Consumption 0.32 1.10  0.15 -0.06 041 0.61 0.03 0.78
Real residential investment -0.46 8.32 1.19 -0.61  2.33 4.37 0.04 0.87
Real nonresidential investment 0.20 5.60 0.79 -0.22  1.71 2.31 0.03 0.74
f:ﬁijﬁ;‘;iﬁd local government 4 oy 596 (.38 0.14 1.10 2.09 0.07 0.91
gsiisﬁsgilngovemmem 002 110 0.15 -0.05  0.33 0.98 0.11 0.93
Unemployment rate 0.01 0.68  0.08 0.05 0.32 0.30 0.18 0.66
Three-month Treasury rate -0.51 1.14  0.16 -0.19 0.51 0.43 0.15 0.59
Ten-year Treasury rate -0.48 0.73 0.11 -0.12  0.36 0.37 0.11 0.55
AAA Corporate Rate Bond -0.46 0.82 0.11 -0.11  0.38 0.49 0.09 0.66

Notes: Columns 1 to 5 show statistics for consensus forecast errors and revisions. Forecast errors are defined as actual realizations
minus forecasts. Revisions are forecast provided in ¢ minus forecasts provided in ¢t — 1 about the same horizon. Columns 6 to 8 show
statistics for individual forecasts. Forecast dispersion is the average cross-sectional standard deviation of individual forecasts. The
share of nonrevisions is the average quarterly share of instances in which forecast revision is less than 0.01 percentage points. The
final column shows the fraction of quarters where less than 80 percent of the forecasters revise in the same direction.

e Actual: x;,3

e Sample: 1993g2-2019q1

A.1 Summary Statistics.

SPF Table A.1 presents summary statistics for the key data series. Columns 1-5 report
statistics for the consensus errors and revisions. Average forecast errors are statistically
indistinguishable from zero for most series, except most notably for interest rates, for
which the forecasts are systematically above realizations. As argued by BGMS, this is
likely due to the downward secular trend in interest rates.

Columns 6-8 reports the summary statistics of the individual forecasts, including fore-

casts dispersion, share of forecasts with no meaningful revisions and the probability that
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less than 80 percent of forecasters revise in the same direction.'® The large dispersion
of forecasts (column (6)) and the fact that forecast revisions often go in different direc-
tions (column (8)) suggest a role for dispersed information among forecasters, which (as
is standard) we allow for in our conceptual framework below. The share of not meaningful

revisions is also often quite small, suggesting that forecasts are not “stale”.

Blue Chip Similarly, Table A.2 presents the same summary statistics for the Blue Chip

survey.
Table A.2: Summary Statistics: Blue Chip
Consensus Individual
Errors Revisions Forecast Nonrev Pr(< 80%
dispersion share TeVISE same
Mean  SD SE Mean  SD direction)

Variable (@] (2) (3) 4) (5) (6) (7) (8)
GDP price index -0.21  0.56  0.09 -0.05  0.17 1.00 0.13 0.78
Real GDP 0.00 1.24 0.20 -0.10 0.46 1.24 0.06 0.65
CPI -0.04 1.16 0.20 -0.05 0.43 1.19 0.05 0.65
Three-month Treasury rate -0.42 085 0.14 -0.15 0.46 0.82 0.18 0.45
Ten-year Treasury rate -0.44 074 0.11 -0.13  0.38 0.98 0.11 0.39
AAA corporate bond rate -0.40 0.65 0.10 -0.12  0.30 1.05 0.10 0.54
Fed funds rate -0.30 0.82 0.14 -0.14 0.47 0.73 0.29 0.38
Five-year Treasury rate -0.46 0.83 0.13 -0.15 0.43 1.00 0.10 0.39

Notes: Columns 1 to 5 show statistics for consensus forecast errors and revisions. Forecast errors are defined as actual realizations
minus forecasts. Revisions are forecast provided in ¢ minus forecasts provided in ¢ — 1 about the same horizon. Columns 6 to 8 show
statistics for individual forecasts. Forecast dispersion is the average cross-sectional standard deviation of individual forecasts. The
share of nonrevisions is the average quarterly share of instances in which forecast revision is less than 0.01 percentage points. The
final column shows the fraction of quarters where less than 80 percent of the forecasters revise in the same direction.

Green Book Table A.3 presents the summary statistics for each series in the Greenbook

forecasts.
Appendix B Additional tests
B.1 Comparison between different public signals

The key intuition of the strategic diversification hypothesis is that the forecasters want

differentiate themselves from the average forecast in the survey. A direct implication of

18We follow BGMS and denote a forecast as not a meaningful revision if its quarterly change is less than 0.01%.
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Table A.3: Summary Statistics: Greenbook forecasts

Errors Revisions

Mean SD SE Mean SD
Variable (@) @ (3) (4) (5)
Nominal GDP -0.06 1.46  0.16 -0.10 0.87
GDP price index inflation -0.07  0.58  0.09 0.06 0.47
Real GDP -0.13 1.55 0.18 -0.15 0.82
Consumer Price Index 0.15 1.08 0.16 0.00 0.69
Industrial production -094 3,58 0.38 -0.46  1.69
Housing Start -2.14 1564 1.83 -2.97  9.51
Real residential investment 0.60 7.13 0.87 -0.92  4.85
Real nonresidential investment 0.68 4.93 0.62 -0.36  2.84
Real state and local government consumption  0.87 3.06 0.34 0.22 1.70
Real federal government consumption -0.19 1.30 0.17 -0.08 0.89
Unemployment rate -0.09 0.59  0.06 0.01 0.41

Notes: Columns 1 to 5 show statistics for consensus forecast errors and revisions using forecasts from the Federal Reserve Green
Book dataset. Errors are defined as actual realizations of forecasted variables minus forecasts. Revisions are the forecast provided
in ¢t minus the forecast provided in ¢t — 1 about the same future time period ¢ + h.

this, as we saw above, is that agents would underweight common signals in their reported
forecasts, as those would be overrepresented in the average forecast.

More generally, however, when z; is not i.i.d. the need to predict the average response
of all other forecasters (i.e. E.” (Ey[z4,1])) generates an infinite regress of higher order
beliefs (we will also see this directly in our quantitative model in Section 4 below). In
that case, the lagged consensus E,_[z,,;] is in fact a very special common signal, as it is
especially highly correlated with the slow moving higher order beliefs that underlie the
current period consensus forecast. As such, the lagged consensus is in fact likely to be
more highly under-weighted relative to other commonly observed signals.

Thus, in this section we consider if there is such differential underweighting relative to
other public signals. A natural alternative public signal is most recent, newly released data
on the actual realizations of the forecasted variable x,.'° In the case of financial variables,

this is the realization in the second month of the quarter (when the survey is collected), in

190Observing the lagged realization would imply that in each period forecasters agree on the realization of the

forecasted variable at some lag ¢ — k. This is a slightly stronger implication than what our benchmark frame-
work in equations (1) and (2) allow for, but it does not affect our inference method in any way. Nevertheless,
if one wants to preserve an information structure with persistent disagreement across forecasters, we can
generalize the simple autoregressive process in (1) to a latent factor structure, where the observed variable

17



case of macroeconomic variable this is the first release estimate of the previous quarter’s
activity. We construct the “surprise” in this alternative common signal in conceptually the
same way as before, but this time using the fact that SPG provides “nowcasts’ to construct

the following alternative RHS variable for our main regression®’

p@'gi%,t =z — B} [x,4] (19)

We test the hypothesis that this second type of common signal experiences less under-

reaction in two different specification. First, we run our baseline regression (14) with this

alternative public signal RHS variable ngi 1, instead
@ _ (4) (0) (4) 20
feiine =+ Bifrin, + Bapisy p, +err (20)

Second, we then include both public signals in the following, augmented regression

f€§+h,t =a+ 51f7"§+h7t + Bopitshy + Bapizging + erry 21

where ngli iy = Broalzen] — E, [24,1] is the same variable as before.

x; is a function of some autoregressive factor z; with some noise, i.e.

Ty = 2 +€F, ze=p+ Zwkgffk (18)
k=0

where 7 and &7 are i.i.d. standard normal variables and ;- ,¢7 < oco. In this setting, the factor variable
2z is never observed and the persistent disagreement is preserved.

201f forecasters are able to observe the lagged realization z;_;, then the vector [z, sii), x+—1] conditional on
the information set at time ¢ — 1 is multivariate Gaussian with a variance-covariance matrix that we label as
Y¢—1,++n. Therefore, we can apply the usual Bayesian updating formula to obtain E;[x:14] = Ei—1[zt4n] +

G (s — By [wegn]) + GEP (21 — Boa[we 1)), with [Gr, Go] = 5371 (50T, ) where S{1T7) are
the 2nd and 3rd elements of the first row of the variance-covariance matrix f)t_quh. We again assume that
the reported forecasts have the same linear recursive structure as the optimal forecast, but with potentially
different weights Gy and Go: EV[z144] = BV, [wn] + G1 (s — ED, [wyn]) + Galai—y — B [24_1]). This

structure implies that the forecast error can be expressed as

1-G

(Et [Tr4n] — Etfl[xwrh]) + @ (-thl - Etfl[mtle - m(i)

Tt4h — Et [CEHh] = el

And this justifies the modified regression in equation (20).

18
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Figure B.1: Comparison between public signals

Notes: Panel (a): estimates of 32 from our original regression (14) (in red), and from (20) (in blue). Panel(b): B2 (in red) and B3 (in
blue) estimates from regression (21) using the SPF and h=3. Bars reports the 90% confidence interval for the estimated coefficients.
Standard errors are Driscoll and Kraay (1998).

Under the strategic diversification framework, we expect that forecasters underweight
the lagged consensus more than the latest realization of the forecasted variable, hence we
have the two null hypotheses that (i): the (3, estimate is larger in our original regression
(14) than in (20), and (ii): (> > (3 in regression (21).

The empirical estimates of both regressions are reported in Figure B.1 and indeed con-
firm both implications: underreaction to lagged consensus is larger than underreaction to
lagged actuals, which is still weakly larger than zero with the exception of CPI inflation
and unemployment. We leave the tables with individual estimates at both h = 3 and h = 2

horizons, and also using the Blue Chip data, to Appendix G.
B.2 Underreaction and the precision of common signals

Next, we investigate another intuitive implication of the strategic diversification model
— when the available common information is more precise, and thus more important in all
agents’ expectations, then there will be a greater scope for underweighting it in reported
forecasts and “standing out”. Formally, we can show that in the setting of our analyti-

cal model the 3, coefficient from our main regression (which measures underreaction to
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common information) has the following closed form:

v
X+7+v

By = AGEE = )

Thus we see that indeed, as a comparative static, in the model 3, is increasing in the
precision of public information v.

The key challenge to taking this intuitive comparative static to the data is that we do

not directly observe the precision of information available to agents — that is, we do not

directly observe v. We propose a novel way of getting around this challenge by leveraging

the fact that the Coibion and Gorodnichenko (2012) measure of stickiness, defined as

is biased upwards when there are common errors (i.e. public signals) in the information set
of the forecasters (as discussed in Section 2.2). And furthermore, the results in Figure 1,
panel a) show not only that the CG measure is always biased upward compared to the true
gain, i.e. Gog — G > 0, but also that there is significant variation in the magnitude of this
estimated bias across series, even though the overall information gain G is very similar
at G =~ 0.5 for all series. This intuitively implies that the total precision of information
(across both idiosyncratic and common signals) is relatively similar, but there is significant
variation in the relative precision of public signals across different series.

To formalize this notion, in our analytical model we can in fact derive a closed form

solution for the implied bias in the measured stickiness. Specifically, we have that

GQ -1
GCG—G:G< 2V ) (22)
G2Y
. o GEE o (1-N)v _ GREFL(-NGEE T+(1-N)v
furthermore, using G = ANDGTE = rr00-NTar and G = NG = i) AN AT
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from the solution of the model, we can simplify the expression down to

2
Goo — G = a-G6rv (23)
G X

Thus, the following specific transformation

(GCG—G)ﬁzi

gives us a direct empirical measure of the precision of public information v (relative to
the agent’s priors), since we can estimate both G and G in the data. And in fact, more
generally, since the estimated G is relatively constant across series in the data, in our case
the raw bias itself, Gog — G, should also be a good measure of v.

So to test whether there is greater underreaction in cases of more precise public in-
formation (as the model implies), we regress the estimated 3, for the different forecasted
series on either the raw bias G¢g — G or the rescaled bias measure (Gog — G) ﬁ We
show the results in Figure B.2, and indeed find that in both cases (3, is strongly increasing
in the precision of public information, confirming the model’s implications.

In both panels, we have the estimated (3, on the y-axis, and in panel (a) we regress
that on the strictest measure of public information precision, (Gog — G) ﬁ on the x-
axis, and in panel (b) we regress it on the raw estimated bias Gog — G on the x-axis. In
both cases we have substantial positive correlation (0.56 in panel a) and 0.62 in panel

b)), which confirms this key comparative static of the model — the greater the precision of

public information, the greater is the evidence of underweighting of common signals.
Appendix C Discussion

Outliers and Measurement Error. Juodis and Kucinskas (2023) make the powerful ar-
gument that the BGMS results could potentially be driven by measurement error in re-
ported forecasts Et(i) [z4,1], which show up on both the left and right hand sides of equation

(7) and can thus mechanically generate a negative correlation. This is a concern that is
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more broadly related to the observation of Angeletos et al. (2021) and Broer and Kohlhas
(2022) that there are a substantial number of influential outliers in the SPF data, which
can by themselves also substantially weaken the BGMS findings.

To the contrary, our results are robust to a variety of aggressive treatments of out-
liers. In our benchmark analysis up to this point we followed the same procedure to clean
outliers as in BGMS in order to be comparable. However, our results also remain virtu-
ally unchanged under three alternative strategies suggested in the literature. First, as in
Kohlhas and Walther (2021) we trim all observations outside of the first and the 99th per-
centile; second, we follow Angeletos et al. (2021) and drop forecasts that are more than
4 interquartile ranges away from the median of each horizon in each quarter; third, we
use the median to measure consensus forecasts instead of the mean. To showcase the ro-
bustness of our results, in panel (b) of Figure C.1 we show that our benchmark estimates
and the key conclusion of §; > 0 do not change even when we apply all three alternative
data cleaning strategies at the same time, while in panel (a) we show the resulting BGMS
estimates, which are indeed noisier and much closer to zero. In Appendix H, we show
Tables and Figures that replicate all results in the paper under this stricter data cleaning

procedure.
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Figure C.1: Regressions result with stricter data cleaning

Notes: this figure replicates Figure 1 (panel a) and Figure 2 (panel b) with a stricter data cleaning. Bars reports the 90% confidence
interval for the estimated coefficients. Standard errors are Driscoll and Kraay (1998).

Alternative univariate regressions In a recent paper, Broer and Kohlhas (2022), run a
univariate regression similar to regression (15) we discuss in Section 3.4, and find that
survey of forecasts show both under- and overreaction to public signals, not just underre-

action as we find. They run the following univariate regression
feﬁzh’t =+ Bex By 1[xiin] + errt(i) 24

where they also consider the lagged consensus as the relevant public signal. Estimating
Bpr across the different variables in our data, we indeed find estimates that are widely
dispersed on both sides of zero, sometimes being positive, while other times negative often
not significantly (see panel (a) of Figure 5). This contrasts to our findings in Section 3.4,
where we estimate a slightly different univariate regression and find consistently positive
Bgr,, for all forecasted variables.

The key difference across our two empirical methodologies is that in the original spec-
ification of Broer and Kohlhas (2022), the regressor is the lagged consensus alone(see
equation 24), while in our version of the univariate regression (equation (15)) we “de-

mean” it and construct the associated “surprise” in that signal at the individual forecaster
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level by defining: pigzh,t =F1lwin] — ED, [men).

Under the null hypothesis of RE and honest reporting, both regressions imply Spx =
Bek,, = 0, however finding coefficients different from zero have different meanings in
these two slightly different formulations of the regression. The interpretation of Sgg,

was discussed in Section 3.4 and summarized by Proposition 4. In the case of regression

(24) instead, we can derive the following if and only if condition for 3px to be positive.?!

Proposition 5. When forecasts follow a linear structure as in (3) and x; is stationary

1-G - Gy ni
1-GRE ™ GEE Y | Cov(Tsyn — E(i)l[xt"rh]’ Et(i)l [zt4n])

B >0 <—

In certain special cases — like for example If x; is i.i.d. over time — then Cov(x;y) —

Eﬁ)l [z 11], Et(i)l [z,11]) = 0, and hence any deviations from zero in Sz have the same inter-

pretation as in the case of gk, . But more generally the term Cov(mHh—Eﬁ)l [Ti1n],s E,fl_)l (1))

could be both positive and negative in the data, and hence we can find estimates of Szx
that are negative even when [y,  is positive. And this is indeed borne out in our empiri-
cal estimates (contrast panels (a) and (b) of Figure 5).22:2

Thus, the two univariate regressions lead to somewhat different results. For what it
is worth, in our quantitative model (where public information is indeed underweighted
relative to the prior, in the sense of % > %) we find that theoretically Sz = 0 (as is
also discussed in Appendix C.3 of Broer and Kohlhas (2022)) while Sz, > 0. On the one
hand, this confirms that the distinction between these two regression is nuanced and they
speak to different moments. On the other hand, we think that the empirical evidence on
these regressions is not necessarily inconsistent with the model — given that that the em-

pirical g estimates are dispersed around zero for the different forecast variables (with

21 All proofs in the paper are collected together in Appendix D.

22Appendix E.4 reports all estimation details at both 3 and 2 quarters horizons, together with the set of
estimates on Blue Chip data.

23As we discuss in Section 3.4, the interpretation of the univariate regression is different from our benchmark
regression (14), as the former refers to underweighting public signals compared to prior information, while
the latter refers to underweighting public signals compared to private information information.
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relatively wide standard errors), while the gy, estimates are consistently positive. Dis-
tinguishing further between these two empirical moments is a subtle and nuanced issue

beyond the scope of this paper.

Anonymity. It is sometimes argued that strategic considerations do not apply to anony-
mous surveys like the SPF. However, to the contrary, the forecasting literature has noted
that when the same forecasters participate in both anonymous and non-anonymous sur-
veys, they simply submit the same forecast to both types of surveys, thus introducing
strategic considerations in the anonymous survey as well. For example, Marinovic et al.
(2013) notes that “According to industry experts, forecasters often seem to submit to the
anonymous surveys the same forecasts they have already prepared for public (i.e. non-
anonymous) release. There are two reasons for this. First, it might not be convenient for
the forecasters to change their report, unless they have a strict incentive to do so. Second,
the forecasters might be concerned that their strategic behavior could be uncovered by the
editor of the anonymous survey.”

We find direct evidence to this effect from a supplement to the European Central Bank’s
own Survey of Professional Forecasters. In that supplement, respondents were explicitly
asked whether they “prepare a new forecast specifically for the SPF” (which is anonymous)
or just submit the “latest available forecast” (p.8, European Central Bank (2014)). There
are two waves of this questionnaire, and in both the respondents overwhelmingly indicated
they do not produce a new forecast, but rather use one that is already available. In 2013,
more than 80% of the panelists responded with "the last available”, while in 2008 more

than 90% gave the same answer (European Central Bank, 2014).
Appendix D Proofs

Proof of Proposition 1. From equation (11), using G = G; + G,

Et(i) [xt+h] = p+ G(%Jrh - M) + Gmt(i) + Gaey (25)

25



1 and then we can express the forecast error as

1- G~

(@i — {5}(1) [z140] = T(EtZ) [wern] — 1) = — e
fegz) fril)
2 From here, we can compute the large sample limit of Szas:

LG + Cov(E;” (4] — 1, —%77?) — Sey)

Beams = ~
G VaT(Et( )[$t+h] — 1)

@21 Gy
1-G -t =zt

+
G G*x '+ GiT 1+ Gt

. . . . RE — RE
s substitute in the optimal choices G| = Q_S;W and Gy = M%,
1 1
+ updating weights G"* = 7 and G}'* = ;7= to obtain
—ATX

BBGMS = ([(1 _ )\)y + 7—}2 + [(1 — )\)21/ + T]X)

s For the (¢, integrate equation (26) across ¢ to obtain

(Tean — Et[xt+h] = ——(Eieen] — 1) — —e
~~ d G S———— G
fe fre
6 Then we can compute the large sample limit as

1-G  Cov(Empsn) — p, —Ley)
Boa = + =
G Var(Ezen] — p)
1-G ~Gy
_l’_
G G*x~' + Giv!

7 Substituting through with G, G5, G®F and GFF and simplifying we get

(1= N7x

Pea = M-t (@2 r g o !

26

<0 <= A>0

(26)

(27)

and the rational

(28)
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1 Proof of Proposition 2.

Var(zpen — Eifzpgn]) = Var((1 — (G1F + GEP))apyn + G5 ley)
R
=GRE
—(1- GRE)Ql I (GFF)? _ X +v
X v (v 471+ x)?

> Meanwhile, the MSE of the consensus of the reported forecasts is

Var(zen, — Eizin]) = Var(1 — Gz, + Goer) = (1 — G)zi + (Gj)Q
(1-A)° X+v (1—))?

T AN IAGEER T X (= A acEye e~ Eren)

3 And thus

Var(zn — Edzin]) < Var(zen — Eo(2gs))

4+ since % < 1for A € (0,1).

5 |
s Proof of Proposition 3. Rewriting (3) we can express forecast errors as

i 1 =Gy, i (i &) (i i
feitne = =g B fwen] = EDilweal) = &9 = B fean]) = nt”

(%)

tht = Ot — Eﬁ)l[xt+h], then we can write regression (14) as

7 Let pi

fei, = XB+u’ (30)

s with X = [fr{,,, pii.), 6= 1[5 ] and ul?) = 5. The resulting plimit of 3 is

1-G1
3 AR D S 300 (31)
-
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1 where
i (@)
cov(fthJ,ut )

Cov(fri-i-h,tv pii,t) Uar(pii+h,t) COU(Z?ii-s—h,tugi))

Ua’r(fri—&-h,t) Cov(frz,tvpii—&-h,t)
EXX - ) EXu =

» Since var(frﬁh’t) = [G2i + G2t + Gav Y, var(pi@rh,t) =Y+l cov(fr;rh,t,pi;t) =

s [GS+Gar Y, cov(fri, ., up) = =G4, cov(piyy, ,, ui) = 0 and S = var(zeen — B2 [wein)]),
5 _1-Gi (X +v )Gt
' Gy (S + v ) (G228 + G2+ G ) — (G + Gov1)?
1 1 ERE RE
= GfEV+T+ /N -G | <0 <= G > SEI
Gy v+T+1/3 GRE + Z22(1 — GRE)
by = G, (G + GGy
’ Gi (T4 v )G+ G2+ G2v1) — (GE 4 Gy 1)?
1 v+74+1/80 RE RE Gy Gy
= — — (G1Gy™ — GG >0 <= —55 > =75
Gi v+7+1/8 (GG 261) GRE — GEE
s Where we have used the definitions GI'F = TR and GFF = Py and as

s already defined 7% = var(x, ), — Egi) [,,1] is the rational posterior variance. m

s Proof of Proposition 4. Using

i 1 =G~ (i G (i i
feitha = =g (B el = B wenl) = & (o = B foe]) = 0t
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v it follows that the probability limit of the g, coefficient is

Cov(fel), 90— B [wen))
V‘”’(Qt - Et(i)l [$t+h])
~&(8 + v + 8 Cou(G@ien — By [wern)) + Gy + Gaer, ge — B, [204n)

/BBKdm -

DR
G BT G ) (1 G

§+I/—1 B §+1/_1
1-G Gy LEE

1—GRE~ GFP 5

>0 = (1-G)E>Gor ' =

> N
s Proof of Proposition 5. Using
_ -G (i Gy (i (4)

fegh,t N (Et(i) [Ti4n] — E§31 [Tt4n]) I (9¢ — E§?1[$t+h]) —

1

+ it follows that the probability limit of the gy coefficient is

Cov(fegh,tv 9t)

B = " Var(g)
_%C(w@t — B [wein), g0) + 1_0?1 Cov(G(@n — B\, [104n)) + Ginl” + Gaer, o)
n Var(z,) +v-1
(C’ov(x — B [zpin], ween)[(1 — G & — 1] — Gy
B % t+h t—14t+h]y Lt+h 1 Go 1
-G Var(z,) +v=1
&, ((Covterrn = BN [winl, B oe)) + D)1 - G1) & — 1) = G
eR Var(z,;) +v=1
= (i = (i S G -
>0 < (Cov(wn — B [wan], B [zen)) + D)[(1 = G =1 > Gt
2
-G _ G $IRE
L= G 7 GEP S 4 Cov(wpen — By [ween), By ) [2een))
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1 Appendix E Additional tables
» E.1 Full details on Coibion and Gorodnichenko (2015) regressions

s SPF results

Table E.1: Gain G regression estimates (SPF)

3 quarters horizon 2 quarters horizon
G SE p-value Median G SE p-value  Median

Variable (€8] (&) (3) @ 5) (6) (7) (8)

Nominal GDP 0.53 0.02 0.00 0.49 0.61 0.01 0.00 0.62
GDP price index inflation 0.49 0.03 0.00 0.52 0.63  0.02 0.00 0.68
Real GDP 0.56  0.03 0.00 0.52 0.63  0.02 0.00 0.62
Consumer Price Index 0.49 0.02 0.00 0.53 0.70  0.02 0.00 0.71
Industrial production 0.50 0.03 0.00 0.52 0.59 0.02 0.00 0.63
Housing Start 0.49 0.03 0.00 0.55 0.53 0.02 0.00 0.56
Real Consumption 0.49 0.03 0.00 0.48 0.63 0.03 0.00 0.62
Real residential investment 0.41 0.03 0.00 0.44 0.56 0.02 0.00 0.64
Real nonresidential investment 0.48 0.02 0.00 0.49 0.61 0.03 0.00 0.61
Real state and local government consumption 0.43  0.04 0.00 0.40 0.60 0.05 0.00 0.56
Real federal government consumption 0.47 0.04 0.00 0.48 0.62 0.03 0.00 0.62
Unemployment rate 0.49 0.02 0.00 0.54 0.56 0.02 0.00 0.62
Three-month Treasury rate 0.55 0.02 0.00 0.59 0.63 0.03 0.00 0.67
Ten-year Treasury rate 0.51 0.02 0.00 0.54 0.60 0.02 0.00 0.63
AAA Corporate Rate Bond 0.54 0.02 0.00 0.56 0.61 0.02 0.00 0.62

Notes: The table shows the result from regression (4) Columns (1)-(3) report coefficients, standard errors and p-values from the
panel data regression with individual fixed effects. Column (4) reports the median coefficient from individual regressions using
demeaned variables. Columns (5)-(8) reports the same statistics for the 2 quarters horizon. Standard errors are Driscoll and Kraay
(1998).
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Table E.2: Difference between estimated gains G and G¢¢, horizon 3 quarters (SPF)

Gea SE G SE Difference SE p-value

Variable 1) @)) 3) 4 5) (6) @)

Nominal GDP 0.66 0.13 0.53 0.02 0.13 0.13 0.17
GDP price index inflation 0.77 0.13 0.49 0.03 0.28 0.13 0.02
Real GDP 0.60 0.07 0.56 0.03 0.04 0.08 0.29
Consumer Price Index 0.82 0.17 0.49 0.02 0.33 0.17 0.03
Industrial production 0.83 0.38 0.50 0.03 0.33 0.38 0.19
Housing Start 0.72 0.13 0.49 0.03 0.24 0.13 0.04
Real Consumption 0.76  0.19 0.49 0.03 0.28 0.20 0.08
Real residential investment 0.45 0.07 0.41 0.03 0.04 0.07 0.30
Real nonresidential investment 0.45 0.04 0.48 0.02 -0.02 0.05 0.69
Real state and local government consumption ~ 1.30  0.32 0.43 0.04 0.87 0.32 0.00
Real federal government consumption 0.61 0.12 0.47 0.04 0.15 0.13 0.13
Unemployment rate 0.57 0.05 0.49 0.02 0.08 0.05 0.06
Three-month Treasury rate 0.62  0.07 0.55 0.02 0.07 0.07 0.16
Ten-year Treasury rate 1.01  0.09 0.51 0.02 0.50 0.09 0.00
AAA Corporate Rate Bond 1.03 0.18 0.54 0.02 0.49 0.18 0.00

Notes: Columns (1)-(2) reports the implied gain from CG regressions of table 4. Columns (3)-(4) replicate the gain estimate from
regression (6) Columns (5)-(8) reports the difference between column (1) and (3), its standard error and the probability of rejecting
the null of column (5) lower or equal to zero.

Table E.3: Difference between estimated gains G and G¢, horizon 2 quarters (SPF)

Geog SE G SE Difference SE p-value

Variable (@)) @)) 3) “4) 5) (6) @)

Nominal GDP 0.83 0.08 0.61 0.01 0.22 0.08 0.00
GDP price index inflation 1.03  0.12 0.63  0.02 0.40 0.12 0.00
Real GDP 0.75 0.09 0.63 0.02 0.12 0.09 0.10
Consumer Price Index 1.08 0.11 0.70  0.02 0.38 0.11 0.00
Industrial production 0.75 0.13 0.59 0.02 0.16 0.13 0.12
Housing Start 0.52 0.04 0.53  0.02 -0.01 0.05 0.58
Real Consumption 097 0.12 0.63  0.03 0.34 0.13 0.00
Real residential investment 0.64 0.06 0.56 0.02 0.08 0.06 0.10
Real nonresidential investment 0.66 0.04 0.61 0.03 0.04 0.05 0.21
Real state and local government consumption  1.40  0.33 0.60 0.05 0.80 0.34 0.01
Real federal government consumption 1.12  0.11 0.62 0.03 0.51 0.11 0.00
Unemployment rate 0.63  0.05 0.56 0.02 0.07 0.05 0.06
Three-month Treasury rate 0.71  0.06 0.63 0.03 0.08 0.07 0.11
Ten-year Treasury rate 1.10 0.18 0.60 0.02 0.50 0.18 0.00
AAA Corporate Rate Bond 0.95 0.10 0.61 0.02 0.34 0.10 0.00

Notes: Columns (1)-(2) reports the implied gain from CG regressions of table 4. Columns (3)-(4) replicate the gain estimate from
regression (6). Columns (5)-(8) reports the difference between column (1) and (3), its standard error and the probability of rejecting
the null of column (5) lower or equal to zero.
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Figure E.1: Estimated gains: our measure vs CG (SPF)

Notes: the Figure plot the difference between the gain G implied by the original CG regression (4) and our estimated coefficients in
regression (6). Standard errors are robust to heteroskedasticity and Newey-West with the automatic bandwidth selection procedure of
Newey and West (1994). Bars reports the 90% confidence interval for the estimated coefficients. Panel (a) reports the result for the 3

quarters

horizon, panel (b) for the 2 quarters.

1 Blue Chip results

Table E.4: Standard CG regression estimates (Blue Chip)

3 quarters horizon 2 quarters horizon
Beca SE p-value Median Beca SE p-value Median

Variable 1) (2) (3) (C))] (5) (6) (7) (8)

GDP price index 0.40 0.02 0.00 0.45 0.58 0.02 0.00 0.63
Real GDP 0.40 0.02 0.00 0.44 0.54 0.02 0.00 0.58
CPI 0.49 0.03 0.00 0.54 0.69 0.03 0.00 0.73
Three-month Treasury rate  0.58  0.02 0.00 0.65 0.69 0.02 0.00 0.72
Ten-year Treasury rate 0.54  0.02 0.00 0.56 0.61 0.02 0.00 0.64
AAA corporate bond rate 0.53 0.02 0.00 0.57 0.59 0.02 0.00 0.63
Fed funds rate 0.59 0.03 0.00 0.63 0.72  0.02 0.00 0.76
Five-year Treasury rate 0.53  0.02 0.00 0.57 0.62 0.02 0.00 0.65

Notes: The table shows the result from regression (4) Columns (1)-(3) report coefficients, standard errors and p-values from the
panel data regression with individual fixed effects. Column (4) reports the median coefficient from individual regressions using
demeaned variables. Columns (5)-(8) reports the same statistics for the 2 quarters horizon. Standard errors are Driscoll and Kraay

(1998).
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Figure E.2: Under- and over- reaction in forecasts, h = 3 quarter (Blue Chip)

Notes: Panel (a): The red circles represent the implied gain from the CG regression, i.e.

1
1+Bca

. Standard errors are Newey-West

(1994), with optimal bandwidth selection. The blue diamonds represent the gain estimated from (6) with individual and time
fixed effects. Standard errors are Driscoll and Kraay (1998). Panel (b): Panel estimate of Sggass with forecaster fixed effects. In
both panels, bars reports the 90% confidence interval for the estimated coefficients and the forecast are at horizon h=3 quarters.

Table E.5: Difference between estimated gains G and G¢, horizon 3 quarters (Blue Chip)

Geg SE G SE Difference SE p-value

Variable (@8] 2 3) (€)) 5) ) @

GDP price index 0.57  0.09 0.40 0.02 0.18 0.10 0.03
Real GDP 0.62 0.11 0.40 0.02 0.22 0.12 0.03
CPI 0.99 0.20 0.49 0.03 0.51 0.20 0.00
Three-month Treasury rate  0.60  0.04 0.58 0.02 0.03 0.05 0.29
Ten-year Treasury rate 1.08 0.11 0.54 0.02 0.55 0.11 0.00
AAA corporate bond rate 0.95 0.19 0.53 0.02 0.42 0.19 0.01
Fed funds rate 0.58 0.04 0.59 0.03 -0.02 0.05 0.65
Five-year Treasury rate 0.94 0.08 0.53 0.02 0.41 0.08 0.00

Notes: Columns (1)-(2) reports the implied gain from CG regressions of table 4. Columns (3)-(4) replicate the gain estimate from
regression (6) Columns (5)-(8) reports the difference between column (1) and (3), its standard error and the probability of rejecting

the null of column (5) lower or equal to zero.
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Table E.6: Difference between estimated gains G and G¢¢, horizon 2 quarters (Blue Chip)

Gea SE G SE Difference SE p-value

Variable 1) (2) (3) 4) (5) (6) (7)

GDP price index 0.88 0.12 0.58 0.02 0.30 0.12 0.01
Real GDP 0.77 0.11 0.54 0.02 0.23 0.11 0.02
CPI 1.06  0.20 0.69 0.03 0.37 0.20 0.03
Three-month Treasury rate  0.69  0.04 0.69 0.02 0.00 0.04 0.48
Ten-year Treasury rate 1.08 0.17 0.61 0.02 0.48 0.17 0.00
AAA corporate bond rate 0.89 0.12 0.59 0.02 0.31 0.12 0.01
Fed funds rate 0.69 0.04 0.72 0.02 -0.03 0.04 0.76
Five-year Treasury rate 1.01 0.14 0.62  0.02 0.40 0.14 0.00

Notes: Columns (1)-(2) reports the implied gain from CG regressions of table 4. Columns (3)-(4) replicate the gain estimate from
regression (6). Columns (5)-(8) reports the difference between column (1) and (3), its standard error and the probability of rejecting
the null of column (5) lower or equal to zero.
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1 E.2  Full details on Bordalo et al. (2020) regressions

Table E.7: BGMS: Individual errors on revisions (SPF)

3 quarters horizon 2 quarters horizon
BBaMS SE p-value Median BBaMmS SE p-value Median

Variable 1) 2) (3) 4 (5) (6) (7) (8)

Nominal GDP -0.25 0.08 0.00 -0.19 -0.11 0.06 0.09 -0.08
GDP price index inflation -0.35 0.04 0.00 -0.35 -0.25 0.04 0.00 -0.26
Real GDP -0.10 0.08 0.23 0.07 -0.07 0.10 0.45 0.02
Consumer Price Index -0.30 0.09 0.00 -0.29 -0.24 0.07 0.00 -0.24
Industrial production -0.30 0.14 0.04 -0.31 -0.01 0.10 0.94 0.03
Housing Start -0.28 0.09 0.00 -0.28 0.12 0.05 0.03 0.07
Real Consumption -0.26 0.12 0.03 -0.24 -0.16 0.08 0.06 -0.16
Real residential investment -0.08 0.11 0.43 -0.07 0.07 0.08 0.40 0.02
Real nonresidential investment 0.08 0.13 0.55 0.15 0.10 0.07 0.17 0.10
Real state and local government consumption -0.56 0.05 0.00 -0.52 -0.30 0.05 0.00 -0.26
Real federal government consumption -0.48 0.04 0.00 -0.40 -0.28 0.04 0.00 -0.27
Unemployment rate 0.24 0.16 0.12 0.19 0.20 0.11 0.08 0.20
Three-month Treasury rate 0.24 0.11 0.03 0.29 0.14 0.08 0.09 0.21
Ten-year Treasury rate -0.22 0.07 0.00 -0.24 -0.24 0.09 0.01 -0.27
AAA Corporate Rate Bond -0.27 0.07 0.00 -0.32 -0.22 0.06 0.00 -0.29

Notes: The table reports the coefficients from the BGMS regression (individual forecast errors on individual revisions). Columns
(1) to (3) shows the panel data with fixed effect coefficient with standard errors and corresponding p-values. Standard errors are
Driscoll and Kraay (1998). Columns (7) shows the median coefficient of the BGMS regression at the individual level.
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Table E.8: BGMS: Individual errors on revisions (Blue Chip)

3 quarters horizon 2 quarters horizon
BBGMS SE p-value Median BeaMms SE p-value Median

Variable @ (2) (3) 4 (5) (6) (7) (8)

GDP price index -0.20 0.07 0.01 -0.26 -0.11 0.07 0.08 -0.16
Real GDP 0.05 0.17 0.78 0.10 0.05 0.13 0.73 -0.02
CPI -0.25 0.15 0.10 -0.30 -0.18 0.11 0.10 -0.19
Three-month Treasury rate 0.28 0.11 0.01 0.22 0.22 0.08 0.01 0.18
Ten-year Treasury rate -0.24 0.07 0.00 -0.27 -0.20 0.09 0.03 -0.20
AAA corporate bond rate -0.25 0.08 0.00 -0.29 -0.17 0.08 0.04 -0.18
Fed funds rate 0.38 0.12 0.00 0.34 0.25 0.09 0.00 0.21
Five-year Treasury rate -0.15 0.07 0.04 -0.17 -0.16 0.09 0.08 -0.16

Notes: The table reports the coefficients from the BGMS regression (individual forecast errors on individual revisions). Columns
(1) to (3) shows the panel data with fixed effect coefficient with standard errors and corresponding p-values. Standard errors are
Driscoll and Kraay (1998). Columns (4) shows the median coefficient of the BGMS regression at the individual level. Columns
(5)-(8) do the same for the 2 quarters ahead horizon.
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1 E.3 Regressions on Greenbook survey

Table E.9: Estimated coefficients on the Greenbook survey

BGMS Our regression (14)
BBaMS SE p-value B1 SE p-value B2 SE p-value

Variable (@] (2) (3) ()] (5) (6) (7 (8) 9)
Nominal GDP 0.18 0.15 0.23 0.18 0.13 0.17 -0.03 0.24 0.91
GDP price index inflation 0.28 0.22 0.21 0.20 0.21 0.35 0.39 0.37 0.28
Real GDP 0.23 0.16 0.17 0.24 0.21 0.25 0.22 0.18 0.23
Consumer Price Index -0.02 0.20 0.92 -0.03 0.19 0.86 1.11  0.39 0.01
Industrial production -0.04 0.08 0.63 -0.05  0.09 0.56 0.01 0.14 0.96
Housing Start 0.07 0.15 0.66 0.11 0.16 0.52 0.01 0.18 0.96
Real residential investment 0.01 0.10 0.88 0.10 0.13 0.45 0.01 0.15 0.94
Real nonresidential investment 0.22 0.13 0.10 0.24 0.15 0.10 0.17 0.19 0.38
szljfﬁ;;ﬁd local government 55 15 0,00 060 013 000 038 010  0.00
Real federal government

consumption -0.35 0.13 0.01 -0.60 0.23 0.01 0.46 0.21 0.03
Unemployment rate 0.13 0.18 0.46 0.12 0.18 0.48 -0.10  0.09 0.24

Notes: The table reports the coefficients from the BGMS regression (columns 1-3) and our specification (14) (columns 4-9) using
Greenbook forecasts at horizon 3 quarters. Standard errors are Newey-West(1994) with optimal bandwidth selection.

Table E.10: Estimated coefficients on Greenbook survey: horizon 2 quarters

BGMS Our regression (14)
BBaMS SE p-value B1 SE p-value B2 SE p-value

Variable (@) 2) (3) O] (5) (6) (7) (8) 9

Nominal GDP 0.09 0.10 0.36 0.10 0.10 0.32 0.07 0.11 0.50
GDP price index inflation 0.31 0.18 0.09 0.25 0.16 0.11 0.24 0.20 0.22
Real GDP 0.17 0.16 0.28 0.18 0.18 0.30 0.23 0.09 0.01
Consumer Price Index 0.16 0.08 0.03 0.18 0.09 0.04 0.59 0.26 0.02
Industrial production 0.12 0.12 0.33 0.12 0.14 0.38 0.18 0.10 0.08
Housing Start 0.02 0.10 0.83 0.03 0.10 0.79 -0.12 0.11 0.26
Real residential investment 0.02 0.09 0.80 0.09 0.12 0.48 0.01 0.10 0.96
Real nonresidential investment 0.18 0.12 0.15 0.24 0.15 0.12 0.11 0.11 0.31
fjsij;?;iiﬁd local government 19 19 0,06 026 008 000 043 009 0.0
fssllffr‘f;triilngo"emmem 041 011  0.00 0.65 021 000 049 020 001
Unemployment rate -0.03 0.14 0.83 -0.03 0.14 0.82 -0.02 0.12 0.84

Notes: The table reports the coefficients from the BGMS regression (columns 1-3) and our regression (14) (columns 4-9) using
forecasts from the Federal Reserve Green Book at horizon 2 quarters. Standard errors are robust to heteroskedasticity and Newey-
West with the automatic bandwidth selection procedure of Newey and West (1994).
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1 E.4 Broer and Kohlhas (2022) regressions, additional details

Table E.11: Broer and Kohlhas (2022) original (not demeaned)

3 quarters horizon 2 quarters horizon
BBK SE p-value BBK SE p-value

Variable @ (2 (3) (4 (5) (6)
Nominal GDP -0.25 0.15 0.10 -0.10 0.08 0.21
GDP price index inflation -0.23  0.08 0.01 -0.09 0.08 0.23
Real GDP 0.15 0.22 0.50 0.10 0.13 0.47
Consumer Price Index -0.65 0.30 0.03 -0.48 0.22 0.03
Industrial production 0.22  0.20 0.27 0.16 0.14 0.24
Housing Start -0.24  0.15 0.12 -0.09 0.13 0.51
Real Consumption 0.18 0.18 0.34 0.10 0.12 0.37
Real residential investment 0.03 0.24 0.90 0.12 0.17 0.46
Real nonresidential investment -0.01 0.31 0.99 0.05 0.16 0.76
Real state and local government consumption ~ 0.55  0.14 0.00 0.24 0.10 0.02
Real federal government consumption 0.28 0.18 0.12 0.20 0.13 0.12
Unemployment rate -0.09 0.04 0.03 -0.05 0.03 0.10
Three-month Treasury rate -0.22  0.06 0.00 -0.15  0.04 0.00
Ten-year Treasury rate -0.10 0.06 0.10 -0.09  0.05 0.04
AAA Corporate Rate Bond -0.17  0.05 0.00 -0.15  0.04 0.00

Notes: The table reports the coefficients from the BK regression (individual forecast errors on public signal not demeaned). Standard
errors are Driscoll and Kraay (1998).

Table E.12: Broer and Kohlhas (2022) our modified version (demeaned)

3 quarters horizon 2 quarters horizon
BBK SE p-value BBK SE p-value

Variable (@] 2 (3) (4) (5) (6)
Nominal GDP 0.47 0.03 0.00 0.40 0.02 0.00
GDP price index inflation 0.49 0.04 0.00 0.37 0.03 0.00
Real GDP 0.39  0.05 0.00 0.37 0.03 0.00
Consumer Price Index 0.46  0.05 0.00 0.27  0.05 0.00
Industrial production 0.49 0.04 0.00 0.40 0.03 0.00
Housing Start 0.50 0.04 0.00 0.46  0.03 0.00
Real Consumption 0.53  0.05 0.00 0.41 0.05 0.00
Real residential investment 0.58 0.05 0.00 0.42 0.04 0.00
Real nonresidential investment 0.59 0.04 0.00 0.40 0.04 0.00
Real state and local government consumption  0.58  0.05 0.00 0.40 0.05 0.00
Real federal government consumption 0.53 0.04 0.00 0.37 0.03 0.00
Unemployment rate 0.50 0.03 0.00 0.44  0.03 0.00
Three-month Treasury rate 0.55 0.05 0.00 0.49  0.05 0.00
Ten-year Treasury rate 0.52 0.03 0.00 0.44 0.03 0.00
AAA Corporate Rate Bond 0.50 0.03 0.00 0.40 0.04 0.00

Notes: The table reports the coefficients from our version of the BK regression (individual forecast errors on public signal demeaned).
Standard errors are Driscoll and Kraay (1998).
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Figure E.3: Forecast errors on lagged consensus (Blue Chip)

Notes: this figure plots the panel estimates of regressions (24)and (15), in panel (a) and panel (b) respectively, with individual fixed
effect and horizon h=3. Bars reports the 90% confidence interval for the estimated coefficients. Standard errors are Driscoll and Kraay
(1998).
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1 Appendix F Regression Results with Blue Chip survey

Table F.1: Private and public information (Blue Chip)

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value Median B2 SE p-value  Median

Variable (@)) )] 3) “@ 5) (6) 7 ®

GDP price index -0.52 0.10 0.00 -0.55 0.81 0.04 0.00 0.83
Real GDP -0.09  0.19 0.64 -0.07 0.63  0.08 0.00 0.60
CPI -0.43  0.19 0.02 -0.46 0.73  0.09 0.00 0.90
Three-month Treasury rate  0.19  0.13 0.16 0.12 0.34 0.07 0.00 0.34
Ten-year Treasury rate -0.45 0.09 0.00 -0.47 0.72  0.05 0.00 0.71
AAA corporate bond rate -0.51  0.11 0.00 -0.49 0.73  0.07 0.00 0.71
Fed funds rate 0.31 0.15 0.04 0.26 0.25 0.08 0.00 0.25
Five-year Treasury rate -0.32  0.09 0.00 -0.32 0.64 0.06 0.00 0.69

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information)
using Blue Chip survey data. Columns 1 to 3 show coefficient 3; (forecast revision) from the panel regression with individual fixed
effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 4 shows the median
coefficient of the same regression at the individual level. Columns 5 to 7 show coefficient 32 (public information) from the panel
regression with individual fixed effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay
(1998). Column 8 shows the median coefficient of the same regression at the individual level.
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Table F.2: Private and public information (Blue Chip with SPF consensus)

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value Median B2 SE p-value  Median

Variable (@] 2) 3) @] ) (6) @ (8)

GDP price index -0.50 0.10 0.00 -0.52 0.78 0.07 0.00 0.77
Real GDP -0.02  0.21 0.92 -0.02 0.42 0.22 0.06 0.54
CPI -0.42  0.18 0.02 -0.46 0.76 0.11 0.00 0.83
Three-month Treasury rate  0.23  0.13 0.08 0.12 0.27 0.13 0.04 0.28
Ten-year Treasury rate -0.42  0.09 0.00 -0.42 0.74  0.09 0.00 0.74
AAA corporate bond rate -0.54 0.10 0.00 -0.51 0.86 0.05 0.00 0.79

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information).
The regression uses individual forecast data from the BC survey and consensus forecast from the SPF. Columns 1 to 3 show coefficient
B1 (forecast revision) from the panel regression with individual fixed effect, with standard errors and corresponding p-values.
Standard errors are Driscoll and Kraay (1998). Column 4 shows the median coefficient of the same regression at the individual
level. Columns 5 to 7 show coefficient 32 (public information) from the panel regression with individual fixed effect, with standard
errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 8 shows the median coefficient of the
same regression at the individual level.
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Table F.3: Private and public information (Blue Chip from 1984)

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value Median B2 SE p-value  Median

Variable @ ) (€) @ (5) (6) 7 (8)

GDP price index -0.52 0.10 0.00 -0.55 0.81 0.04 0.00 0.83
Real GDP -0.09 0.19 0.64 -0.07 0.63 0.08 0.00 0.60
CPI -0.43  0.19 0.02 -0.46 0.73  0.09 0.00 0.90
Three-month Treasury rate  -0.02  0.13 0.89 0.01 0.50 0.08 0.00 0.43
Ten-year Treasury rate -0.47 0.08 0.00 -0.47 0.73 0.04 0.00 0.71
AAA corporate bond rate -0.48 0.08 0.00 -0.47 0.74 0.05 0.00 0.71
Fed funds rate 0.03 0.17 0.88 0.10 0.48 0.10 0.00 0.36
Five-year Treasury rate -0.35 0.08 0.00 -0.36 0.66 0.05 0.00 0.69

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information)
using the full Blue Chip survey data from 1984. Columns 1 to 3 show coefficient 31 (forecast revision) from the panel regression with
individual fixed effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 4
shows the median coefficient of the same regression at the individual level. Columns 5 to 7 show coefficient 8 (public information)
from the panel regression with individual fixed effect, with standard errors and corresponding p-values. Standard errors are Driscoll
and Kraay (1998). Column 8 shows the median coefficient of the same regression at the individual level.
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Table F.4: Private and public information (Blue Chip from 1984 with SPF consensus)

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value Median B2 SE p-value  Median

Variable (@] 2) 3) @] ) (6) @ (8)

GDP price index -0.50 0.10 0.00 -0.52 0.78 0.07 0.00 0.77
Real GDP -0.02  0.21 0.92 -0.02 0.42 0.22 0.06 0.54
CPI -0.42  0.18 0.02 -0.46 0.76 0.11 0.00 0.83
Three-month Treasury rate  0.01  0.13 0.95 0.02 0.48 0.12 0.00 0.42
Ten-year Treasury rate -0.43  0.09 0.00 -0.42 0.74  0.09 0.00 0.74
AAA corporate bond rate -0.47  0.08 0.00 -0.47 0.75 0.06 0.00 0.76

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information).
The regression uses individual forecast data from the full BC survey from 1984 and consensus forecast from the SPF. Columns 1 to 3
show coefficient 31 (forecast revision) from the panel regression with individual fixed effect, with standard errors and corresponding
p-values. Standard errors are Driscoll and Kraay (1998). Column 4 shows the median coefficient of the same regression at the
individual level. Columns 5 to 7 show coefficient 32 (public information) from the panel regression with individual fixed effect,
with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 8 shows the median
coefficient of the same regression at the individual level.
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1 Appendix G Comparison between public signals
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Figure G.1: Comparison between public signals (Blue Chip)
Notes: Panel (a): estimates of B2 from our original regression (14) (in red), and from (20) (in blue). Panel(b): 2 (in red) and (3

(in blue) estimates from regression (21) using the BC survey and h=3. Bars reports the 90% confidence interval for the estimated
coefficients. Standard errors are Driscoll and Kraay (1998).
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Table G.1: Idiosyncratic and public information: alternative measure of public information

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value Median B2 SE p-value Median
Variable (€8] (2) (3) @ (5) (6) (7) (8)
Nominal GDP -0.25 0.08 0.00 -0.18 -0.05 0.12 0.69 -0.13
GDP price index inflation -0.40 0.04 0.00 -0.40 0.39 0.15 0.01 0.30
Real GDP -0.10 0.08 0.22 0.06 0.02 0.18 0.89 -0.09
Consumer Price Index -0.19 0.08 0.03 -0.14 -0.56 0.28 0.05 -0.52
Industrial production -0.30 0.14 0.03 -0.35 0.08 0.14 0.56 0.11
Housing Start -0.09  0.09 0.35 -0.13 0.57 0.13 0.00 0.37
Real Consumption -0.30 0.12 0.01 -0.25 0.27 0.13 0.05 0.15
Real residential investment -0.09 0.10 0.38 -0.07 0.57 0.18 0.00 0.48
Real nonresidential investment 0.06 0.14 0.65 0.18 0.20 0.22 0.37 0.14
Real state and local government consumption  -0.53  0.05 0.00 -0.53 0.12 0.10 0.23 0.17
Real federal government consumption -0.47 0.04 0.00 -0.39 0.28 0.09 0.00 0.19
Unemployment rate 0.26 0.16 0.10 0.18 -0.39  0.25 0.12 -0.44
Three-month Treasury rate -0.26  0.10 0.01 -0.31 0.93 0.26 0.00 1.30
Ten-year Treasury rate -0.63  0.05 0.00 -0.64 0.61 0.11 0.00 0.62
AAA Corporate Rate Bond -0.69  0.04 0.00 -0.78 0.80 0.10 0.00 0.75
Panel B: 2 quarters horizon
Revision Public signal
B1 SE p-value Median B2 SE p-value  Median

Variable (€)) 2) (3) @ (5) (6) (7) (8)
Nominal GDP -0.14  0.09 0.11 -0.10 0.12  0.12 0.33 0.04
GDP price index inflation -0.41 0.04 0.00 -0.38 0.46 0.12 0.00 0.34
Real GDP -0.13  0.10 0.20 0.07 0.22 0.17 0.21 -0.04
Consumer Price Index -0.07 0.14 0.59 -0.12 -0.50 0.34 0.15 -0.54
Industrial production -0.19 0.17 0.26 -0.15 0.35 0.22 0.11 0.32
Housing Start 0.03 0.06 0.67 -0.04 0.29 0.11 0.01 0.27
Real Consumption -0.25 0.11 0.02 -0.21 0.21  0.13 0.11 0.14
Real residential investment -0.09  0.09 0.31 -0.12 0.41 0.14 0.00 0.41
Real nonresidential investment 0.13 0.12 0.27 0.17 -0.02  0.20 0.94 -0.11
Real state and local government consumption  -0.40  0.04 0.00 -0.36 0.20 0.10 0.05 0.25
Real federal government consumption -0.42  0.05 0.00 -0.33 0.29 0.10 0.00 0.08
Unemployment rate 0.22 0.12 0.06 0.20 -0.30 0.18 0.09 -0.28
Three-month Treasury rate -0.33 0.14 0.02 -0.43 0.78 0.30 0.01 1.04
Ten-year Treasury rate -0.80 0.06 0.00 -0.92 0.75 0.12 0.00 0.76
AAA Corporate Rate Bond -0.77  0.05 0.00 -0.83 0.92  0.07 0.00 0.88

Notes: Estimates of regression (20) using the latest actual realization of the forecasted variable (i.e. z:) as the public signal proxy.
Columns 1 to 3 show coefficient 3; (forecast revision) from the panel regression with individual fixed effect, with standard errors
and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 4 shows the median coefficient of the same
regression at the individual level. Columns 5 to 7 show coefficient 82 (public information) from the panel regression with individual
fixed effect, with standard errors and corresponding p-values. Column 8 shows the median coefficient of the same regression at the
individual level. Panel A uses forecast at 3 quarters horizon and panel B uses forecast at 2 quarters horizon.
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10

Appendix H Stricter treatment for outliers in the data

In the main text, we follow Bordalo et al. (2020) data trimming procedure, which
consists in removing forecasts that are more than 5 interquartile ranges away from the
median of each horizon in each quarters. In this section, we replicate our empirical results
using a trimming procedure with stricter criteria than the one utilized in the text. First,
we follow Kohlhas and Walther (2021) in dropping observations with forecast error is in
the unconditional top or bottom 1 percentile. Second, we follow Angeletos et al. (2021)
in removing forecasts that are more than 4 interquartile ranges away from the median of
each horizon in each quarters. Third, we use median instead of mean forecasts to compute
the consensus forecasts. We apply all of these three filters at the same time.

Table H.1: Summary Statistics

Consensus Individual
Errors Revisions Forecast Nonrev Pr(< 80%
dispersion share revise same
Mean  SD SE Mean  SD direction)

Variable @ ) 3) @ (5) (6) (7) (8)

Nominal GDP -0.29 1.61 0.19 -0.14  0.60 1.00 0.02 0.80
GDP price index inflation -0.28 0.56 0.08 -0.08 0.22 0.47 0.07 0.83
Real GDP -0.26 1.57 0.18 -0.15  0.53 0.78 0.02 0.74
Consumer Price Index -0.08 0.99 0.15 -0.09  0.40 0.50 0.07 0.66
Industrial production -094 372 044 -0.51  1.02 1.60 0.01 0.71
Housing Start -3.04 16.81 2.08 -2.31 541 8.29 0.00 0.68
Real Consumption 0.32 1.06 0.15 -0.05 0.36 0.60 0.04 0.77
Real residential investment -0.47 7.78 1.12 -0.64 197 4.50 0.04 0.85
Real nonresidential investment 0.20 5.35 0.75 -0.22  1.45 2.42 0.03 0.75
CRjzljfs;eﬁzﬁd local government ) o3 555 (36 011 0.88 2.00 0.08 0.92
fjgiézi;;ilngovemmem 000 103 0.14 -0.04  0.30 0.91 0.11 0.91
Unemployment rate 0.02 0.65 0.08 0.04 0.29 0.31 0.19 0.66
Three-month Treasury rate -0.49 1.03 0.14 -0.18 044 0.45 0.15 0.58
Ten-year Treasury rate -0.47 0.70 0.11 -0.12  0.33 0.39 0.11 0.54
AAA Corporate Rate Bond -0.45 0.75 0.10 -0.11  0.33 0.51 0.09 0.68

Notes: Columns 1 to 5 show statistics for consensus forecast errors and revisions. Errors are defined as actuals minus forecasts,
where actuals are the realized outcome corresponding to the variable forecasted. Revisions are forecast provided in ¢ minus forecasts
provided in ¢t — 1 about the same horizon. Columns 6 to 8 show statistics for individual forecasts, with Newey West (1994) standard
errors. Forecast dispersion is the average standard deviation of individual forecasts at each quarter. The share of nonrevisions is
the average quarterly share of instances in which forecast revision is less than 0.01 percentage points. The final column shows the
fraction of quarters where less than 80 percent of the forecasters revise in the same direction.
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Figure H.1: Forecast errors on forecast revisions and public information

Notes: this figure plots the coefficient from panel data regression 7 with individual fixed effect and horizon h=3. Bars reports the
90% confidence interval for the estimated coefficients. Standard errors are Driscoll and Kraay (1998).
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Figure H.2: Estimated gains: our measure vs CG

Notes: Panel (a): the red circles represent the implied gain from estimated coefficients in regression (4) at horizon h=3. Standard
errors are robust to heteroskedasticity and Newey-West with the automatic bandwidth selection procedure of Newey and West
(1994). The blue diamonds represent the gain estimated from (6) with individual fixed effect at horizon h=3. Standard errors are
Driscoll and Kraay (1998). Bars reports the 90% confidence interval for the estimated coefficients. Panel (b): difference between
the gains reported in panel (a).
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Figure H.3: Forecast errors on forecast revisions and public information

Notes: this figure plots the coefficient from panel data regression (14) with individual fixed effect and horizon h=3. The red circles
represent the coefficient 3; while the blue diamonds represent the coefficient 85. Bars reports the 90% confidence interval for the
estimated coefficients. Standard errors are Driscoll and Kraay (1998).
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Figure H.4: Comparison between public signals

Notes: this figure plots the coefficient from a panel regression with fixed effects of (21) using forecasts from the Survey of
Professional Forecasters and horizon h=3. The red circles represent the coefficient 85 while the blue diamonds represent the
coefficient 83. Bars reports the 90% confidence interval for the estimated coefficients. Standard errors are Driscoll and Kraay
(1998).

50



Table H.2: Individual errors on revisions

3 quarters horizon 2 quarters horizon
BBGMS SE p-value  Median Beams SE p-value Median

Variable @D (2 (3) 4 (5) (6) (7) (8)

Nominal GDP -0.10 0.10 0.33 -0.11 -0.02 0.08 0.86 0.00
GDP price index inflation -0.24 0.06 0.00 -0.26 -0.18 0.05 0.00 -0.20
Real GDP 0.02 0.10 0.85 0.08 0.05 0.10 0.65 0.04
Consumer Price Index -0.23 0.08 0.01 -0.18 -0.15 0.08 0.08 -0.16
Industrial production -0.09 0.10 0.37 -0.11 0.13 0.11 0.24 0.09
Housing Start -0.20 0.10 0.05 -0.29 0.23 0.08 0.00 0.16
Real Consumption -0.14 0.16 0.39 -0.20 -0.07 0.10 0.45 -0.12
Real residential investment 0.08 0.12 0.51 0.02 0.16 0.09 0.10 0.03
Real nonresidential investment 0.19 0.17 0.28 0.20 0.22 0.10 0.04 0.21
Real state and local government consumption -0.42 0.06 0.00 -0.45 -0.18 0.06 0.01 -0.18
Real federal government consumption -0.36 0.04 0.00 -0.34 -0.22 0.05 0.00 -0.24
Unemployment rate 0.26 0.15 0.09 0.18 0.24 0.12 0.06 0.21
Three-month Treasury rate 0.40 0.09 0.00 0.39 0.30 0.07 0.00 0.31
Ten-year Treasury rate -0.20 0.07 0.01 -0.23 -0.20 0.10 0.05 -0.22
AAA Corporate Rate Bond -0.23 0.07 0.00 -0.30 -0.18 0.07 0.01 -0.24

Notes: The table reports the coefficients from the BGMS regression (individual forecast errors on individual revisions). Columns
(1) to (3) shows the panel data with fixed effect coefficient with standard errors and corresponding p-values. Standard errors are
Driscoll and Kraay (1998). Columns (7) shows the median coefficient of the BGMS regression at the individual level.

Table H.3: Stickiness estimation

3 quarters horizon 2 quarters horizon
B8 SE p-value Median B8 SE p-value Median

Variable (€9) 2 (3) @ (5) (6) (7) (8)

Nominal GDP 0.42 0.02 0.00 0.47 0.53 0.01 0.00 0.58
GDP price index inflation 0.42 0.02 0.00 0.42 0.59 0.02 0.00 0.62
Real GDP 0.44 0.02 0.00 0.49 0.51 0.02 0.00 0.59
Consumer Price Index 0.45 0.02 0.00 0.52 0.65 0.02 0.00 0.69
Industrial production 0.45 0.02 0.00 0.50 0.54 0.02 0.00 0.60
Housing Start 0.43 0.02 0.00 0.49 0.45 0.02 0.00 0.49
Real Consumption 0.38 0.02 0.00 0.42 0.56 0.03 0.00 0.58
Real residential investment 0.35 0.02 0.00 0.39 0.52 0.02 0.00 0.58
Real nonresidential investment 0.40 0.02 0.00 0.46 0.53 0.02 0.00 0.57
Real state and local government consumption  0.38  0.03 0.00 0.35 0.53 0.02 0.00 0.52
Real federal government consumption 0.35 0.02 0.00 0.40 0.53 0.01 0.00 0.58
Unemployment rate 0.46 0.01 0.00 0.51 0.52  0.02 0.00 0.58
Three-month Treasury rate 0.50 0.02 0.00 0.55 0.58 0.02 0.00 0.63
Ten-year Treasury rate 0.46 0.02 0.00 0.50 0.55 0.02 0.00 0.58
AAA Corporate Rate Bond 0.49  0.02 0.00 0.55 0.56 0.02 0.00 0.61

Notes: The table shows the result from regression (6). Columns (1)-(3) report coefficients, standard errors and p-values from the
panel data regression with time and individual fixed effect. Column (4) reports the median coefficient from individual regressions.
Columns (5)-(8) reports the same statistics for the 2 quarters horizon. Standard errors are Driscoll and Kraay (1998).
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Table H.4: Difference between estimated gains

Gcea SE G SE Difference SE p-value

Variable 1) @)) 3) (@) 5) 6) @

Nominal GDP 0.63 0.12 0.42 0.02 0.21 0.13 0.05
GDP price index inflation 0.67 0.11 0.42 0.02 0.25 0.11 0.01
Real GDP 0.57 0.07 0.44 0.02 0.13 0.07 0.04
Consumer Price Index 0.81 0.20 0.45 0.02 0.36 0.21 0.04
Industrial production 0.53  0.09 0.45 0.02 0.08 0.09 0.20
Housing Start 0.78 0.15 0.43 0.02 0.35 0.15 0.01
Real Consumption 0.71  0.19 0.38 0.02 0.32 0.20 0.05
Real residential investment 0.40 0.05 0.35 0.02 0.05 0.06 0.19
Real nonresidential investment 0.42 0.05 0.40 0.02 0.02 0.05 0.32
Real state and local government consumption ~ 1.65  0.75 0.38 0.03 1.27 0.75 0.04
Real federal government consumption 0.60 0.10 0.35 0.02 0.25 0.10 0.01
Unemployment rate 0.55 0.05 0.46 0.01 0.09 0.05 0.05
Three-month Treasury rate 0.55 0.03 0.50 0.02 0.05 0.03 0.06
Ten-year Treasury rate 1.01  0.10 0.46 0.02 0.55 0.10 0.00
AAA Corporate Rate Bond 1.00 0.14 0.49 0.02 0.51 0.15 0.00

Notes: Columns (1)-(2) reports the implied gain from CG regressions. Columns (3)-(4) replicate the gain estimated from regression
(6). Columns (5)-(8) reports the difference between column (1) and (3), its standard error and the probability of rejecting the null
of column (5) lower or equal to zero.
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Table H.5: Private and public information

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value  Median B2 SE p-value Median
Variable (@h) (2) (3) 4 (5) (6) (7) (8)
Nominal GDP -0.32  0.14 0.02 -0.35 0.60 0.09 0.00 0.63
GDP price index inflation -0.52  0.08 0.00 -0.53 0.69 0.06 0.00 0.75
Real GDP -0.16 0.14 0.28 -0.14 0.49 0.11 0.00 0.57
Consumer Price Index -0.38 0.11 0.00 -0.40 0.56 0.11 0.00 0.59
Industrial production -0.33  0.15 0.03 -0.37 0.56 0.11 0.00 0.63
Housing Start -0.43  0.13 0.00 -0.49 0.61 0.09 0.00 0.69
Real Consumption -0.36  0.21 0.09 -0.47 0.68 0.12 0.00 0.74
Real residential investment -0.18 0.17 0.32 -0.31 0.64 0.08 0.00 0.66
Real nonresidential investment 0.03 0.23 0.90 -0.06 0.54 0.15 0.00 0.49
Real state and local government consumption -0.71  0.07 0.00 -0.74 0.79 0.04 0.00 0.77
Real federal government consumption -0.68  0.05 0.00 -0.63 0.77 0.04 0.00 0.76
Unemployment rate 0.15 0.20 0.44 0.01 0.37 0.12 0.00 0.40
Three-month Treasury rate 0.31 0.12 0.01 0.29 0.28 0.07 0.00 0.34
Ten-year Treasury rate -0.44  0.09 0.00 -0.43 0.72  0.05 0.00 0.83
AAA Corporate Rate Bond -0.52  0.10 0.00 -0.64 0.71  0.09 0.00 0.81
Panel B: 2 quarters horizon
Revision Public signal
B1 SE p-value  Median B2 SE p-value  Median

Variable ) ) 3) “@ 5) (6) () ®
Nominal GDP -0.18  0.11 0.11 -0.20 0.47 0.08 0.00 0.50
GDP price index inflation -0.42  0.08 0.00 -0.45 0.59 0.06 0.00 0.55
Real GDP -0.08 0.13 0.55 -0.11 0.43 0.09 0.00 0.43
Consumer Price Index -0.24 0.11 0.05 -0.30 0.38 0.12 0.00 0.34
Industrial production 0.03 0.15 0.85 0.02 0.30 0.11 0.01 0.39
Housing Start 0.08 0.11 0.47 0.01 0.37 0.08 0.00 0.42
Real Consumption -0.24  0.13 0.07 -0.28 0.52 0.09 0.00 0.57
Real residential investment -0.01 0.12 0.95 -0.10 0.43 0.07 0.00 0.44
Real nonresidential investment 0.14 0.13 0.31 0.15 0.32  0.09 0.00 0.34
Real state and local government consumption -0.44  0.08 0.00 -0.48 0.67 0.05 0.00 0.63
Real federal government consumption -0.56  0.07 0.00 -0.56 0.68 0.05 0.00 0.68
Unemployment rate 0.15 0.16 0.36 0.05 0.32 0.10 0.00 0.33
Three-month Treasury rate 0.23  0.08 0.00 0.21 0.27  0.05 0.00 0.29
Ten-year Treasury rate -0.38 0.11 0.00 -0.41 0.60 0.07 0.00 0.57
AAA Corporate Rate Bond -0.38  0.10 0.00 -0.46 0.56 0.11 0.00 0.66

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information).
Columns 1 to 3 show coefficient 5; (forecast revision) from the panel regression with individual fixed effect, with standard errors and
corresponding p-values. Standard errors are robust and clustered by forecaster and time. Column 4 shows the median coefficient of
the same regression at the individual level. Columns 5 to 7 show coefficient 52 (public information) from the panel regression with
individual fixed effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 8
shows the median coefficient of the same regression at the individual level. Panel A uses forecast at 3 quarters horizon and panel B
uses forecast at 2 quarters horizon.
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Figure H.5: Regressions result with stricter data cleaning (Blue Chip)

Notes: this figure replicates Figure 1 (panel a) and Figure 2 (panel b) with a stricter data cleaning. Bars reports the 90% confidence
interval for the estimated coefficients. Standard errors are Driscoll and Kraay (1998).

Table H.6: BGMS: Individual errors on revisions (Blue Chip, stricter data cleaning)

3 quarters horizon 2 quarters horizon
BBaMS SE p-value Median BBaMs SE p-value Median

Variable @D (2 €) (©)] (5) (6) (7) (8)

GDP price index -0.18 0.08 0.03 -0.28 -0.07 0.07 0.32 -0.15
Real GDP 0.14 0.23 0.55 0.17 0.03 0.14 0.81 -0.05
CPI -0.32 0.17 0.07 -0.39 -0.22 0.12 0.08 -0.22
Three-month Treasury rate 0.31 0.11 0.01 0.24 0.23 0.09 0.01 0.19
Ten-year Treasury rate -0.24 0.07 0.00 -0.28 -0.20 0.10 0.05 -0.21
AAA corporate bond rate -0.24 0.08 0.00 -0.29 -0.15 0.09 0.08 -0.17
Fed funds rate 0.38 0.12 0.00 0.34 0.27 0.09 0.00 0.22
Five-year Treasury rate -0.14 0.07 0.06 -0.17 -0.15 0.10 0.11 -0.16

Notes: The table reports the coefficients from the BGMS regression (individual forecast errors on individual revisions). Columns
(1) to (3) shows the panel data with fixed effect coefficient with standard errors and corresponding p-values. Standard errors are
Driscoll and Kraay (1998). Columns (4) shows the median coefficient of the BGMS regression at the individual level. Columns
(5)-(8) do the same for the 2 quarters ahead horizon.

54



Table H.7: Private and public information (Blue Chip, stricter data cleaning)

Panel A: 3 quarters horizon

Revision Public signal
B1 SE p-value Median B2 SE p-value  Median

Variable @ ) (€) @ (5) (6) 7 (8)

GDP price index -0.54 0.11 0.00 -0.62 0.83 0.05 0.00 0.83
Real GDP 0.00 0.26 0.99 -0.05 0.58 0.10 0.00 0.60
CPI -0.57 0.20 0.01 -0.61 0.81 0.10 0.00 0.94
Three-month Treasury rate  0.23  0.13 0.09 0.15 0.31 0.07 0.00 0.35
Ten-year Treasury rate -0.45 0.09 0.00 -0.47 0.72  0.05 0.00 0.71
AAA corporate bond rate -0.51 0.11 0.00 -0.53 0.74 0.07 0.00 0.78
Fed funds rate 0.33 0.15 0.03 0.27 0.22  0.09 0.01 0.24
Five-year Treasury rate -0.31  0.09 0.00 -0.33 0.65 0.06 0.00 0.70

Notes: this table reports the coefficients of regression (14) (individual forecast errors on individual revisions and public information)
using Blue Chip survey data. Columns 1 to 3 show coefficient 31 (forecast revision) from the panel regression with individual fixed
effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay (1998). Column 4 shows the median
coefficient of the same regression at the individual level. Columns 5 to 7 show coefficient 82 (public information) from the panel
regression with individual fixed effect, with standard errors and corresponding p-values. Standard errors are Driscoll and Kraay
(1998). Column 8 shows the median coefficient of the same regression at the individual level.
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Appendix I Details on solving the dynamic model

We average the expression for Et(i) [x,11] in equation (9) across agents and use repeated

substitution in that same equation to obtain the following relation:

Fre L S (A Y B0 = Y Bio] - BB G2
t — 1_)\k:0 1_)\ t t+h_1_)\ t|tt+h 1_)\t t|tt+h

We then guess and verify that the law of motion for F; and the other unobserved state

variables is a VAR (1) process:®*

Tit+h
u
Zo=| k| =MZ_y+m]| ™" (33)
€t
Wy
Where
p 0 0 1 0
M = M2,1 M2’2 0 and m = Ma1 Mg |- (34)
0 0 O 0 1
We collect the two signals about x;, in the vector
i Gt 0
Vi= |7 | =HZ+ | (35)
S uh
where
1 01
H— (36)
100

Agents use the conjectured law of motion (33) and the observables (35) to build the

241t is analytically convenient to introduce a third element of the state vector Z;, w; = e;, which is method-
ologically useful to handle the correlation of common shocks e; in the signal g; and F;
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1 optimal posterior estimate of the state vector

E[Z] = ME" | [Z, 1] + K(V} — EV, [V,7])

(37)

o

. Uu
— (I - KHYMEQ\[Z, 1)+ KHMZy y+ KHm | | +K |

€t yr

> where K is the rational 3x2 Kalman gain matrix. The first line of the vector equation above
s is the optimal forecast of x;, thus naturally GI*¥ = K(; 5y and G¥¥ = Ky 1), where K, ;

+ is the (7, j) entry of the optimal Kalman gain matrix K.

5 Lastly, average (37) to find the average posterior belief over the state vector.
— _ u
E(Z] = (I — KH)ME,_\[Z, 1] + KHMZ,_, + KHm | ' (38)
€t

s At this point, the definition of F; in (32) and equations (33) and (38) define a fixed point,
7 which we can use to solve for the unknown coefficients in our conjecture. From the defi-

¢ nition on F, in (32) it follows that

F [L Y o] AAIAVA

1—X
— Ut+h (39)
= §(I — KH)MEt_l[Zt_l] +EKHMZ, 1+ EKHm
€t
9
A 1 _ 1 _ _
F, :(— 1 )\P + 1_ )\M2,1>Et71[37t71} + EMZ,QEtfl[thl] - GPEtfl[xtfl]
+ Gpri_1 + Goer + Guyyyp,
A\ 1 A B (40)
Z[—pm + mMu + mMm — GplEi_1[z1—1]+

+ Moo Fy 1 + Gpry—y + Guppn + Gaey
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7

9

where we used (32) to substitute

1 - A =
1 )\Et[Ft—l] =F 1+ m]Et—l[xt—l]
and we defined
_ G = MKz _ GFF — MKy
G, = X and G, = T

Equation (40) must equal the second line of the perceived law of motion (33). The
solution to the fixed point is given by My, = Gp, ma1 = G, mas = Gy and Myo = p— My ;.
Given the law of motion of unobserved state 33 and the observable 35, the posterior

variance of the forecast solves the following Ricatti equation

S=E(Z — Zy ) (Ze— Ziy0)]

0 0 Xt o (41)
S=ME-SH | HSH + HS)M' +m m’
0 7! 0 vt
and the Kalman filter is
—1
0 0
K=H|HSH + (42)
0 71!
Finally, this implies that the individual posted forecast is
E i) = B [w0en) + Ga(s) — B [w0e]) + Ga(ge — B [wig), (43)

which is equation 17 in the main text.

Appendix J Structural estimation at: 2 quarters horizon
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Table J.1: Estimated parameters

P A

Variable o @ G )]

Nominal GDP 093 231 1.71 0.61

GDP price index inflation 094 241 247 0.84

Real GDP 0.88 223 1.39 0.48

Consumer Price Index 0.78 1.32 1.32 0.57

Industrial production 0.85 2.00 1.35 0.29

Housing Start 0.85 9.77 1.61 -0.11

Real Consumption 0.87 1.44 1.70 0.52

Real residential investment 0.89 211 1.45 0.23

Real nonresidential investment 0.89 999 1.08 0.14

Real state and local government consumption 0.89 1.41 3.12 0.83

Real federal government consumption 0.80 1.27 272 0.73

Unemployment rate 097 993 1.05 -0.28

Three-month Treasury rate 0.94 9.99 1.06 0.06

Ten-year Treasury rate 0.83 2.18 194 0.69

AAA Corporate Rate Bond 085 4.52 235 0.83

Table J.2: Moments in data and model
Targeted moments Untargeted moments
Mean Dispersion C 51 Bea BBGaMS B2
Data Model | Data Model | Data  Model Data Model | Data Model | Data Model

Variable (€)) 2 3 4 (5) (6) (7 ® 9 10 | an 312
Nominal GDP 0.94 094 | 061 061 | -0.35 -0.35 020 043 | -011 -023 | 0.62 0.11
GDP price index inflation 0.20 020 | 063 063 | -0.55 -0.55 || -0.03 043 | -0.25 -0.38 | 0.70  0.21
Real GDP 0.69 0.69 | 063 063 | -026 -026 || 033 042 | -007 -017 | 0.54  0.07
Consumer Price Index 0.21 0.21 0.70 0.70 | -0.38 -0.38 || -0.07 025 | -0.24 -0.18 | 0.52 0.17
Industrial production 2.49 2.49 0.59 0.59 -0.16  -0.16 0.33 0.41 -0.01  -0.09 0.49 0.05
Housing Start 75.76  63.74 | 053 039 | -0.15  0.05 091 142 | 012 0.05 | 054 0.00
Real Consumption 0.34 034 | 063 063 | -037 -037 || 003 026 | -016 -0.15 | 0.64 0.17
Real residential investment 16.76 16.76 0.56 0.56 -0.13 -0.13 0.56 0.42 0.07 -0.07 0.49 0.04
Real nonresidential investment 5.03 5.02 0.61 0.60 -0.02 -0.05 0.52 0.66 0.10 -0.05 0.41 0.00
Real state and local government ) o3 593 | 962 062 | -071 -071 || 011 023 | 028 -0.34 | 0.80  0.40
consumption
Real federal government 442 442 | 060 060 | -063 -0.63 || -0.28 019 |-030 -0.25 | 0.78 0.33
consumption
Unemployment rate 0.09 0.06 | 056 055 | 0.09 0.08 059 0.78 | 0.20 0.08 | 039  0.00
Three-month Treasury rate 0.21 0.12 0.63 0.60 0.02 -0.02 0.40 0.66 0.14 -0.02 0.48 0.00
Ten-year Treasury rate 0.12 012 | 060 060 | -0.46 -0.46 || -0.09 045 | -024 -031 | 0.71  0.14
AAA Corporate Rate Bond 0.25 0.25 0.61 0.61 | -0.49 -0.49 005 058 | -022 -044 | 0.70  0.07

59



Table J.3: Posted and honest moments

Gain Consensus MSE Dispersion

Posted Honest Ratio | Posted Honest Ratio | Posted Honest Ratio
Variable 1) (2) (3) 4 (5) (6) (7) (8) 9)
Nominal GDP 0.61 0.49 0.79 0.26 0.60 2.25 0.94 0.41 0.44
GDP price index inflation 0.63 0.41 0.65 0.02 0.08 4.17 0.20 0.03 0.17
Real GDP 0.63 0.53 0.84 0.25 0.46 1.85 0.69 0.40 0.57
Consumer Price Index 0.70 0.60 0.86 0.08 0.17 2.00 0.21 0.08 0.39
Industrial production 0.59 0.54 0.92 1.71 2.29 1.34 2.49 1.80 0.72
Housing Start 0.39 0.41 1.05 65.45 60.27 0.92 63.74 68.66 1.08
Real Consumption 0.63 0.55 0.89 0.23 0.37 1.62 0.34 0.14 0.40
Real residential investment 0.56 0.53 0.94 13.62 16.90 1.24 16.76 13.02 0.78
Real nonresidential investment 0.60 0.57 0.95 2.06 2.41 1.17 5.02 4.65 0.93
Real state and local government consumption 0.62 0.50 0.81 0.25 0.54 2.17 0.93 0.06 0.07
Real federal government consumption 0.60 0.52 0.87 2.85 4.63 1.63 4.42 0.57 0.13
Unemployment rate 0.55 0.60 1.08 0.04 0.03 0.78 0.06 0.07 1.12
Three-month Treasury rate 0.60 0.59 0.98 0.05 0.05 1.07 0.12 0.11 0.97
Ten-year Treasury rate 0.60 0.44 0.73 0.03 0.08 2.48 0.12 0.04 0.29
AAA Corporate Rate Bond 0.61 0.31 0.51 0.02 0.10 4.58 0.25 0.06 0.24
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Appendix K Strategic diversification with heterogeneous priors

In this section we present an extension to the baseline model of Section 3.1 allowing
for heterogeneous long-run mean priors ;.

Suppose forecasters have the same objective function and receive the same signals as in
section 3.1, but with heterogeneous priors. For tractability we will assume i.i.d =, process,
and for simplicity of exposition we will drop all time subscripts ¢, since when z; is iid the

model is effectively static. Thus, the forecaster’s optimal response is again

i L iy A
# = —Ea] - TS Ed] (44)

where we label the reported forecast that agent i submits to the survey as 2 and & = [ #'di
is the consensus forecast. Similarly to the main text, agents received a private and a public
signal, both unbiased and centered around the true = with some noise.

s'=x+17

(45)
g=x+e

with ' ~ N(0,771) and e ~ N(0,v 7).

Differently from the main text, forecasters have a dispersed priors about the mean of
x. We model this by assuming that agents know the unconditional distribution of the
fundamental z ~ N(p.,x '), but they do not know the mean value p,. Their prior is
that u, ~ N(0,w™!) and each forecasters has a private signal about it, u* = u, + v*, with

v~ N(0,671).%

250ne can think of a setting where agents use an iid sample of t realizations of x to learn about its mean (Baley

and Veldkamp, 2023). The accuracy of their private belief £ will be proportional to the size of their observed
sample, which we assume to be the same for every agent.
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Posterior on fundamental Their true posterior beliefs about the fundamental are

. £
Elpe|p'] = =
§tw (46)

Varlpa|u'] = (§ +w) ™

which implies

Efoli] = ——
Et+w 47)

Varlz|p'] = (§+w) " +x

as a result

Ez|s’, ¢', Elz|i']] = (1 — v — 1) Elz|p'] + 718" + 129 (48)

where v, = T and v, = If priors are not dispersed, that is

T v
T+v+Var(z T+v+Var|z|p]—1*

¢ — oo and we are back to the same posterior belief as in our baseline case we analyze in

the main text.
Posterior on mean Similarly, their posterior beliefs about the mean are

T i 14

Elptz ia = +
(12|59 S Y 49

Var(p,|s', g = (r+v)" +x 7!

which implies

Elpls', ¢ Elz|u']] = (1 — f)E[z|i'] + f(hg 4+ (1 — h)s") (50)

_ _ Var[usls'g] ™" _ v : :
where f = TVl g and h = g If priors are not dispersed, £ — oo, therefore

Elu.|s', ¢°, E[z|u']] = u., meaning we are in the common prior baseline case.
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1 Posted forecast We guess the following linear solution for the posted forecast
it =018 + 029 + 53// (51)

> The solution of the fixed point between 51 and 44 is given by the following system

=N =y =) [€+w AMI=f) XA-N1-N1-n-2)]"

6 =

-t L e T 1o (1=2) + M
51— Y2 — Adsf(1 —h)

1=

s First, one can see that in the case of no strategic incentives A = 0, the posted forecast
» would coincide with the honest belief 48. Second, this is a generalization of the common
s prior case described in the main text. To see this, consider the case where prior is common,
s & — oo which implies f — 0. Then the solution for 51 coincides with the one in main text

7 11.

s Simulated coefficient Since the model with heterogeneous prior is not as tractable as
o the one in the main text, we use numerical simulation. Figure K.1 reports the coefficients
1 estimated from running regressions 4, 7, 14 and 15 in simulated data for different value
1 of individual prior accuracy ¢, If £~! = 0, the results coincide with the proposition in the
» main text and /3 in regression 15 equal zero. However, when priors are dispersed, ¢! > 0,
15 we find 8 > 0 while the sign in all the other coefficients is unaffected. This is consistent

11 with our finding in Figure 5.
15 Appendix L. Analytical model with a finite number of forecasters

16 In Section 8 we consider a game featuring a continuum of atomistic forecasters with
1~ mass 1. Here we generalize this result by considering instead a finite number of forecasters
12 N. The main implication is that observing the lagged consensus forecast E; [z, ] does

v not reveal the fundamental x;,,, while the main results of Section 8 are unchanged.
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Figure K.1: Simulated coefficients
Notes: This figure reports the coefficients of regressions 4, 7, 14 and 15 in simulated data for different

value of individual prior accuracy £. The rest of the parameters are set as follow: 7 = 0.05, v = 0.5,
x=1,w=0.25and A\ = 0.8.

First, consider the lagged consensus forecast E; [z, ). With a finite number of fore-

casters N < oo, it equals

N
Ei[zegn) = Z 1[Teen] = p+ Ga( Z 5¢~ )+ Ga(gi1 — p) (53)

(i)1+2' 'S(j)l (@) N-1 :
where + Zl L s¥ = % = §Si1+ N Ten N D n?),. As a result, since fore-

casters i observes y, g;_, and St |, the lag consensus F,_;[z,,,] is a signal about & ﬂft+h
with noise & > i 77t 1 If N = oo, then E,_i[z,,4] is a fully revealing signal. But more
generally, it contains the noise %

Second, relaxing the assumption of infinite number of forecasters does not significantly
affect the solution of the strategic game in equation (9). Notice that expectations of fore-

casters i about average forecast equals

1) /T 7 N 1
B (Bi[rean]) = 1+ Gl( st + TE( o] + — Z B[] = ) + Galgr — 1) (54)
J?él
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where Egi) [nﬁj )] = 0. Guessing the same linear solution as in (11) yields

GRE
G = 11+(N—1)GfE
(1—=X)+ AT
(1=X)+ A+
GQ — N GRE
1+(N-1)GRE ~'2

If N — oo, the solution equals the one in Section 8. Importantly, even in the general case

of N < oo we still have

% % = A>0 (55)

which is the main implication we want to test in the data. So the basic implication of
the model is the same regardless of /N, but in order to be comparable with the previous
literature we present the model for the case of N — co. When we go to the data, however,

we use the lagged consensus as the observed signal since in reality, with N < oo, the

consensus is indeed a noisy signal.
Appendix M Forecast Smoothing

An alternative, reputation-based explanation for predictable forecast errors in surveys
is that forecasters might have an incentive to avoid reporting drastic period-to-period
changes in their forecasts to their customers. This would lead forecasters to effectively
“smooth” their reported forecasts over time. For example, Coibion and Gorodnichenko
(2015) consider this type of reputational incentive to show that it indeed leads to pre-
dictable errors in reported forecasts.

In this appendix we present an extension of our model in which we consider the pos-
sibility that in addition to the strategic incentives that are the main focus of our paper,
forecasters also have an incentive to “smooth” their own forecasts over time. It turns out
that these two different types of incentives, while both are motivated from a reputational

standpoint, have distinct empirical implications. The strategic incentives we focus on lead
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forecasters to change the relative under- and overweighting of idiosyncratic information
relative to public information. For example, when faced with strategic diversification in-
centives in particular we have shown that forecasters will optimally overweight idiosyn-
cratic signals and underweight common, publicly observed signals.

In contrast, in this Appendix we show that an incentive to smooth forecasts over time
leads forecasters to underweight all new information equally. Furthermore, we show that
even when agents optimally smooth their forecasts, our key implication that idiosyncratic
information is relatively overweighted relative to common information remains true if and
only if the forecasters face strategic diversification incentives. Thus, our main empirical
exercise (Section 3.2), which is specifically designed to test the relative under- and over-
weighting of idiosyncratic and public information can also be used to distinguish between
strategic and forecast smoothing incentives.

To derive these results, we consider an augmented version of the analytical model
presented in Section 3.1. The key differences with Section 3.1 are two-fold. First, the
objective function of the forecasters is augmented with an additional term that captures
the incentive to smooth the reported forecast over time. Second, to make this smoothing
incentive non-trivial, we now assume that each period forecasters make forecasts for two
consecutive future horizons. To keep things simple we assume that these are one and two
step ahead forecasts. Thus, at time ¢ the forecasters are providing a prediction for both
T and x440.

We model the incentive to smooth forecasts following Coibion and Gorodnichenko
(2015) and assume that when agents report their time ¢ forecast of tomorrow, Et(xtH)
they want to make sure that this does not deviate too much from the prediction about
x441 they made yesterday - i.e. Et_1(93t+1)- In addition, the forecasters also face the same

strategic incentives we have already discussed. This results in the objective function:
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_. min > E, [(Etm [en) = en)? = MED (] - Et[xurh]ﬂ
(@) (i)

By [mera] By [mera] p—1

+ (B [wess) = B [wena])? + aBr | B [wis] — B sl

> The first line of this objective function models strategic incentives in the same way
s as already discussed in the main text. The only difference is that now we consider a
» richer problem, where each period agents make forecasts at two different horizons — one
s and two-periods in the future. The agents then trade-off an accuracy incentive (captured
s by the expected mean squared error term) and the strategic incentive to either herd or
7 differentiate, as controlled by A € (—1,1).

8 The forecast smoothing incentive is modeled with the two terms on the second line.
o Specifically, when « > 0, the forecasters want to make sure their current one-period ahead
1 forecast is not too different from the two period forecast they made yesterday, since both
u of these forecasts are about the same x;,,. Similarly, agents are also forward looking, and
12 hence when they make their two-period ahead forecast today they want to make sure it is
13 not too different from what they expect to report tomorrow.

14 This gives us two first order conditions, one for the one-period ahead forecast and one

15 for the two-periods ahead forecast the agents make at time ¢:

1 A

«Q
R ) A
1—- A4+« (241 1—-—)A+«

Et@ [21] = E, (E(ﬂftﬂ)) + mﬁfz [T11]

16

1 A

(8]
R, ) A
1-)ta t(Z12) 1—\+a

B fwsa] = T5ia

E, (Et($t+2)) + [, (Et(i)l [xt+2])

17 From these conditions, we can directly see that now the reported forecast Efi) [x111] 1S

=

s going to be biased away from the rational expectation of the agent not only by an incentive
v to stray farther away from the consensus (for A > 0), but also with an incentive to stay
2 closer to this agent’s own last period forecast Et(i)l [Ty p).

2 To make the two-period head forecasting problem non-trivial, we augment the infor-
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mation structure of Section 3.1 with the assumption that each period the agents observe

two sets of signals — one about z;,; and one about z;:

Sg? = Ttp1 + Uﬁ)

g1t = Typ1 + €14

S;Zt) = Ty + né?
Got = Tyya + €9t

The Rational Expectations of z;,; follow a familiar recursive structure, with

Ei(z1) = Beo1(2i1) + GRE(sY) — By _i(201)) + GEE(g1e — Ee1(2441))

Booa(wei1) = i+ GRP(s8) ) — ) + GEF (ga41 — 1)

Consistent with our previous notation, GI¥ and GEZ¥ are the rational Kalman gain
coefficients of the time ¢ expectation, and we introduce the bar notation G#¥ and G{¥ to
denote the weights put on the time ¢ — 1 signals in the ¢ — 1 rational expectation.

Finally, to solve the FOCs of the agents we guess that the reported forecasts, Efi) (1]

similarly follow a recursive structure, given by
B0, 1 B G (sl _ B Golan — B
b [T i1 [Te] + Gi(syy i1 [@e1]) + Ga (g 11 [Ter1])

EY [wi1] = p + @1(8(2271 — 1) + Ga(go—1 — )

Plugging this guess in the FOCs, we can then solve the fixed point for the coefficients
G4,G4,G1,Gy. It is instructive to consider the following four equations that implicitly

define these coefficients as proportional to their rational counter-parts, but with weights
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different than one:

120G = ML= G)Gr

G
! 1-A+a« L

C1-AG - A1 - )G

G
2 1+«

RE
Gy

. =X+ a)(1=XG1) —aXG+(1-G)G1) + & ~pp
G = (1= (1 =X+ 2a) <H

& = (1—/\—1—04)(1—/\(;1)—OJA(G"‘(l_G)Gl)"'O‘éRE
2T 0 N0-rt20) + Ml - A tatal-aG) ?

With these relationships at hand we can derive the following key results. First, notice
that if there are no strategic incentives (A = 0), then solution simplifies down to reported

forecasts underweighting equally all new information. Specifically, given A = 0 we have:

1
Gy = ——GEF
2 1+a 2

So the smoothing incentive, by itself, leads agents to report forecasts that put less
weight on all new information. These “dampened” forecasts underweight equally both the
public and the idiosyncratic sources of information, as they simply put more weight on the
beginning of period priors.

When both strategic and smoothing incentives are active, we can again derive a sharp
result that strategic incentives change the relative over- and under-weighting of idiosyn-
cratic and common information. Specifically, we can show again, in parallel to the same
result in our main text, that idiosyncratic information is overweighted relative to public
information if and only if A > 0 (i.e. only when agents face strategic diversification incen-
tives). We can see this from the fact that the relative weights on idiosyncratic and public

information can be expressed as
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GQ N 1—>\+06G§E

Gi (1=N1=XA+20)+A1-A+a+a(l-G))GH*

Gy (1= (1 =X+ 2a) GRE

And from here it follows directly that

G, GEE

— > —— <= A>0
Gy = GEFE

G\ Gt

—_— > = < A >0
Gy =~ GEE

Thus, with and without the smoothing incentive, the prediction that idiosyncratic in-
formation is overweighted relative to public information is unique to the strategic diver-
sification incentives case (A > 0). Intuitively, smoothing incentives « > 0 on their own
lower the weight put on all new information. Strategic diversification incentives, on the
other hand, lead agents to underweight common information relative to idiosyncratic in-
formation, even in the presence of smoothing incentives.

Thus, our benchmark empirical methodology (Section 3.2) remains valid and can de-
tect strategic incentives even in this more general case, where agents also smooth their

forecasts over time.
Appendix N Winner-take-all Forecasting Game

In this Appendix we analyze a formal winner-take-all game being played among fore-
casters. The basic motivation is that there are a number of well publicized and salient
“Best Forecaster Awards” (e.g. the Lawrence Klein Best Forecasting Award) that economic
forecasting and consulting firms care about. Such awards generate a lot of valuable pub-
licity for the winners, but by the nature of a competition, only the best forecaster in any
given period wins this reputational gain. As such, this creates strategic incentives among

forecaster to “stand out”. The key takeaway of the microfounded model presented in this
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Appendix is that the implied equilibrium behavior is very similar to that of our benchmark
model analyzed in Sections 3.1 and 4. Intuitively, the Morris and Shin type of quadratic
strategic framework we analyze in the main text could be thought of as a more tractable,
reduced form representation of the microfounded model presented here.

The setting is the same as in the analytical model of Section 3, and can be viewed as an
extension to the winner-take-all model in Ottaviani and Sgrensen (2006), with one of the
key extensions being the introduction of a common, public signal ¢g; observed by all fore-
casters. There is a measure one of forecasters i that are trying to forecast an iid Gaussian
variable x,,;, with mean p and variance y~!. The forecasters have the same information
structure as in the main text, where each sees a private signal with idiosyncratic noise sgi),
with precision 7, and a commonly observed public signal g;, with precision v. The forecast-
ers submit a forecast Eit [z;,1] and the forecaster that is closest to the actual realization of
x4y, Wins a prize. If more than one forecasters guesses the same winning value the prize
is divided equally among all winners.

Normalizing the value of the prize to one, since there is a continuum of forecasters
which make a continuum of forecasts, the winning forecasters are the ones that guess the
exact realization of x;,,. So the expected payoff U of forecaster i making forecast Et (1]

is given by

s (U(Eit [It+h])) = /x ]l<£t+h = Bulrenl) f(@een|Zie)dreyn

Y(Eit[Tesn)|Trin, gt)

where 1(zyy, = Ey[xis]) is an indicator function which captures the fact that forecaster
+ wins the prize only in the state of the world where z;,; = Eit [z111], and otherwise the
payoff is zero (winner-take-all). In addition, the expected payoff is also divided by the
mass of other forecasters that make the same exact guess, Ej [x,,,], which is given by their
PDF ~(.). The mass of other forecasts is a function of the underlying state z;,, and the

realization of the public signal ¢,, and this is made explicit in the fact that the PDF ~(.) is

conditional on both of these variables. Lastly, the agent is taking an expectation over this
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payoff since the value of x;,, is unknown (this is the only stochastic part of the payoff,
given Z;;), hence we integrate against the unknown x,,,, using the PDF of z,; conditional
on the information set of agent i, Z;;, which we denote as f(z;14|Zs).

Given that the agent only wins in one state of the world, x,,, = E;;[x;,4], the expected

payoff simplifies down to the following ratio of PDFs evaluated at that state of the world:

- | T,
E; (U(Elt[xt-{-h])) — ~f( t+h| t) )
Y(Eitlern)[Terns Ge) lovyn=Eirlwesn]

We will now construct the numerator and denominator of this expression. Given the
information set of forecaster i, Z;;, the conditional distribution of the unknown ;. is
Gaussian and takes the form z;.,|Z; ~ N(E;(xiin), SIRE ), where as we have detailed in
the main text:

Ei(zign ) = p+ G{%E@gi) — ) + GzRE(gt — )

with GI*¥ = 7, GJ¥ = 2, and SSRE — (x4 7 +v)"'. Thus, the probability that

x4, takes on exactly the value of the forecast made by agent i is thus

E 1 Eulziin] — Ei[zein])?
f(Eilwein) | Ti) = \/ﬁexp <_( [ +h;§RE (1)) )

To construct the mass of other forecasters that make the same guess and thus share the
prize, v(.), we observe that since for all agents j the forecast follows the linear structure

(which we guess and verify):

Ejlriin] = (1 — Q)+ Gis? + Gagy (56)

it follows that
- 2
Ejlwen]|Tein, gt ~ N((1 = G)p+ Gz, + Gagr, 71)

Evaluating this PDF at the realization z;,; = E; [x;,1] and for Ejt (i n] = Eylriin] , we

have
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~ ~ Eylzisn] — (1 — Q) — G Eylziin] — Gagi)?
Y(Eulriin]|vien = Eilvin], g) = \/;/WLGQeXp <_T( t[Teyn] — ( )5G2 1 B[40 20t) ) .
1 1

! Finally, putting it all together and taking logs of the expected payoff we have

(Eitlzin] — Eitlzi4n])? n 7((1 = G1)Eit[zein] — (1 = G)p — Gagy)?

1 SRE Gi
In(U(Eit[zi4n])) = 5 <1n(27r2 )~ ln(27r7_)> B O RE 267

> Taking FOCs with respect to Ey |11, and solving for Ey [z;41] We can express the FOCs

3 as.

(iRE)—l 4 T(1=G) 7(15201)

G1 1
B 1= Eit[$t+h] - = e
(SRE)-1 — (10?1)2 (SRE)-1 — (151)2

Ei [$t+h] =

it (E[It-l-h]) (57)

» where on the right hand side we have used the fact that the agent’s expectation of the

s consensus forecast is given by

Ei(Elzin]) = (1 — G)p + GiEy[z4] + Gagy

6 So we can see that the optimal response of each forecaster i follows the same type of
7 structure as in our reduced form game in Section 3 in the main text — the optimal reported
s forecast is a function of the true belief of the agent, E;[z;,,], but shifted away from what
o he beliefs everyone else is reporting Ey (E|[x,1)).

10 Next, we solve for the equilibrium of this winner-take all game, looking for the equilib-

u rium coefficients G; and G, that satisfy the fixed point defined by the FOCs of the agents

1» and the linear structure of the optimal response. Solving this fixed point, we get

VG +1GT (1= GI) - GI*
2(1-GI)

G1:
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Gy =GP
2T GL+GIE(1-Gy)
While this is not pretty to look at, using the fact that G{*” = T it follows that
Gl > G{%E
G2 < G;zE

which is the key behavioral implication of our reduced form Morris-Shin game that we
also exploit and test for our main empirical results.

Thus, the formal winner-take-all game we analyze here is one micro-founded way to
obtain the basic behavioral implication that our paper focuses on taking to the data. The
basic intuition is that forecasters want to “stand out” from the crowd. This intuition is
captured by the negative weight put on the expected consensus forecast, Ey(E[z,.3]), in
the FOCs in equation (57). And this has the specific behavioral implication that forecasts
optimally overweight any idiosyncratic information, and underweight informative signals
that are commonly seen by all agents.

The reduced form game we use in the main text is simply analytically more convenient

and tractable, and also leads to some cleaner and more intuitive expressions. However,

the basic behavioral implications and empirical predictions are the same.
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